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FLEXIBLE JOB SHOP SCHEDULING VIA SIMULATION UNDER
SEQUENCE DEPENDENT SETUP TIMES

ABSTRACT

The impact of setup on manufacturing performance, and the scare research about
the scheduling of the flexible job shop with sequence dependent setup times have
motivated this research. A flexible job shop is an extension of the classical job shops
in which there is more than one identical machine for the same purpose. The problem
is to assign each operation to a machine (routing) and to order the operations on the

machines (sequencing) such that the desired objectives are satisfied.

The flexible job shop scheduling problem is NP-hard and by the increase of
problem size, an enormous computational effort is needed for an optimal solution. So
there should be made a trade off between solution quality and time consumption. As
this study is based on the observation of effects of sequence dependent setup times

over system performances, it is not desired to reach an optimal solution.

The observation of the effects of sequence dependent setup times is based on the
comparisons of two types of heuristic groups, one of which considers the setups in
scheduling process, meanwhile other doesn’t. In the considered manufacturing
framework, setup is a vital issue whose duration depends on both the job just
processed and the job to be processed. Also, there is only one mould for each specific
operation so two parts, which need the same operation in a shop, cannot be processed
at the same time at different parallel machines. Under these restrictions and high
threat of long and frequent setup times, an effective solution which may contribute to

the reduction of setup time and to an efficient usage of production time is needed.

The production environment which is a press work center located in an oven
producing plant is modeled using the simulation software ARENA. Experimental
design is used to see the effects of setups over performance measures such as mean

tardiness, flow time, proportion of tardiness and work in process. This thesis
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emphasizes the influence of the setup time over the considered performance
measures, the reaction of proposed scheduling rules to setup time changes and the
importance of the evaluation of the setup times separately from the processing times

as an additional constraint in the objective function.

Keywords: Flexible job-shop scheduling, sequence dependent setup, dispatching

rules, simulation



SIMULASYON ILE SIRAYA DAYALI KURULUM ZAMANLARININ
VARLIGINDA ESNEK ATOLYE TiPi CiZELGELEME

0z

Kurulum isleminin genel {iretim performansina etkisi ve siraya bagli kurulum
siirelerinin oldugu esnek atdlye tipi liretimdeki ¢izelgeleme konusundaki ¢alismalarin
azlig1 bu tezin yapilmasinda esin kaynagi olmustur. Esnek atdlye tipi tiretim, klasik
atolye tipi Uretimin genisletilmis halidir. Bu iiretim tipinde ayni amag¢ i¢in ayni
Ozelliklere sahip birden fazla makine bulunmaktadir. Problem, islerin makinelere
atanmasi (rotalama) ve islerin istenilen amaglara hizmet edecek sekilde makinelerde

siralanmasi (siralama) seklinde tanimlanabilir.

Esnek atdlye tipi iiretim cizelgeleme problemi zor deterministik olmayan
polinomial zamanli algoritma sinifindadir ve problem boyutunun artmasiyla optimal
¢oziime ulasmak cok fazla hesaplama gerektiren bir ugrasiya donmektedir. Bu
nedenle ¢6ziim kalitesi ve harcanan zaman arasinda bir denge saglanmalidir. Bu
calisma siraya dayali kurulum zamanlarinin sistem performanslari iizerindeki

etkilerinin gozlenmesi iizerine dayandigi i¢in optimal bir ¢6ziim aranmamaktadir.

Siraya dayali kurulum zamanlarinin etkileri iizerine yapilan goézlem iki sezgisel
grubun karsilastirilmasi lizerine dayanmaktadir. Bir grupta kurulum ¢izelgeleme
siirecinde gdz oniinde tutulurken diger grupta goz ardi edilmistir. Uzerinde durulan
iretim yapisinda kurulum siiresi hem heniiz islenmis olan hem de arkasindan
islenecek olan islere bagli olan 6nemli bir unsurdur. Ayrica her kalip tipinden sadece
tek adet olmasi, ayn1 isleme gereksinim duyan iki parganin paralel, ayr1 makinelerde
islenmesine engel olusturmaktadir. Bu kisitlar altinda ve sik ve uzun kurulum
zamanlarinin tehdidi altinda kurulum zamaninin diisiiriilmesine ve liretim zamaninin

etkin kullanimina katkis1 olacak etkin bir ¢dziime ihtiya¢ vardir.

Calismaya konu olan firin fabrikasinin pres departmaninin modeli ARENA adh

simiilasyon programiyla modellenmistir. Akis zamani, ortalama gecikme, gecikme

Vi



oran1 ve silire¢ icersindeki parca sayisi gibi performans degiskenleri tizerinde
kurulum zamaninin ne gibi etkilerinin oldugunu gozlemlemek i¢in Deneysel Dizayn
uygulanmistir. Bu tezle kurulum zamanin yukarida sayilan degiskenler iizerindeki
etkilerinin ~ varligina, tamimlanan ¢izelgeleme  algoritmalarinin  kurulum
zamanlarindaki degisimlere kars1 gosterdigi tepkiye ve kurulum zamanlarmin parca
isleme zamanlarindan ayr1 olarak amag¢ fonksiyonunda ek bir kisit olarak

degerlendirilmesinin 6nemine vurgu yapilmistir.

Anahtar Kelimeler: Esnek atdlye tipi cizelgeleme, siraya bagli kurulum, dagitim

kurallari, simiilasyon

vii



CONTENTS

Page

THESIS EXAMINATION RESULT FORM ..o il
ACKNOWLEDGEMENTS ...ttt il
ABSTRACT .ttt ettt ettt ettt et e st et eeseenteenaesseenseeneens v
OZ ettt vi
CHAPTER ONE INTRODUCTION 1
1.1. Motivation of the Research ............coccooiiiiiiiiiiiie e 1
L2, PUIPOSE .ottt et ettt e ettt e et e e st e e sabeeesnbeeesnbaeenaneeennneenn 2
1.3. Problem Complexity.......ccooiiierieieiieniiieeiestceieee e 3
1.4, ThesiS OULHNE. .....coiiiiiiiiiieiie ettt ettt et an 3
CHAPTER TWO REVIEW OF SCHEDULING 5
2.1 INEOAUCTION ..ttt ettt st e sb e st eeaeean 5
2.2. Principles of SCheduling..........cccouiiiiiiiiiieceee e e 7
2.3. Objectives of Scheduling Problems............c.ccoceeviiiniiiiiiniiiiieie e 8
2.4. General Assumptions in Machine Scheduling .............cccooeiiviiniiiiiiiniecieeen 9
2.5. Classification of Scheduling SyStems ............cccevvuieiiiriiieniecieeie e 12
2.6. Methodologies for Solving the General Scheduling Problem...............c............. 13
2.6.1. Optimization Using Mathematical Techniques..........c.ccccccveevivveerveennnnenn. 14
2.6.1.1. Linear Programming............ccccceeeieeniienieeniienieeniie e esiee e eiee e 14
2.6.1.2. Branch and Bound Techniques...........ccccceevieriienieeieenieeieeieeeene 14

2.6.2. Approximation Methods..........ccceeciiiiiiiiiriiiece e 15
2.6.2.1. Dispatching Rules..........cccoeeiiiiiiiiieiiececcee e 16

2.6.2.2. Artificial intelligence (AI) Techniques .........cccoceveeeiienieiciieneennen. 18

2.6.2.3. Neighborhood Search Methods ...........ccceeviieiiiiiiiiienieceeeen 19

2.6.2.3.1. Random Search.........cc.ccooiiiiiiiiiiiiiieeeeeee e 20

2.6.2.3.2. Hill CHIMDING......eerieiiiieiieieeie et 20

2.6.2.3.3. Simulated Annealing ............ccceecveeeiienieeiiienieeieeee e 21

2.6.2.3.4. Tabu Sarch........ccoceeviiiiniiiiiienieeeeeee e 22

2.6.2.3.5. Genetic AIOTItMS ......oeevviieeiiieciieece e 23

viii



2.6.3. Simulation Modeling............ccceeeviiiiiiiiiiiiiecieee e 24

2.6.3.1. Use of Simulation in Scheduling............cccccoevieniiniiiniiiiicee. 25

2.6.3.2. New Emerging Role of Simulation in Manufacturing .................. 27

2.6.3.3. Applications of Simulation Modeling ............cccccveevvveeriieeeieeenee. 28

2.6.3.4. Advantages of Simulation Modeling............ccccoeeveevienieeiennennnen. 29
CHAPTER THREE LITERATURE REVIEW 31
3.1 INErOAUCTION ..ottt ettt nae e 31
3.1.1. Single Machine Problems.............ccccoecuiiriiniiiiiiiniieieeceee e 34
3.1.2. Parallel Machine Problems..........cccceviiiiiiiiiiiiiieieeeeceeeeeeee e 36
3.1.3. FIOWShOp Problems .........c.cooviiiiiiiieiiccieeeeecee e 39
3.1.4. JOb ShOp Problems.......c.cociiiiiiiiiieiiecie et 42
CHAPTER FOUR APPLICATION OF PROBLEM 53
4.1 INEEOAUCTION ..ottt ettt st eiees 53
4.2. The Environment of Implementation ............cccceevueeriienienieeiiienie e 53
4.2.1. Company Information ...........cccceeeecieeeiiieeniie et 53
4.2.3. Description of Press Workshop.........occvveeiieeiiiiiiiiecieeeeeee e 54

4.3, ASSUMPLIONS ..eveeeuivieeieieeiieeetteesteeesteeesseeeessseeessseeasseeanssaeanseeessseeessseeassseesssseennns 58
4.4, CONSIIANES ..ottt ettt ettt ettt sb et st e st e bt e st e s bt et e saeenbeenseenees 59
4.5. The System Modeling and Simulation ............cccoeeeeriieiiiniiiiieieeeeee e 59
4.6. Decomposition of the Problem.............cccoooiiiieiiiieniieeeececee e 68
4.6.1. INPUL ANALYSIS...uviiiitiieiiieeeiieeeiee ettt et et e e s tee e st e e sareeessseeenseeas 68
4.6.2. Verification and Validation ..........ccccoeeeveriieniininienieiceeeeeeesceee 70
4.6.3. Defining Warm up Period .........coceeeiiiiiieiiieiieeiccece e 72
4.6.4. Variance Reduction Techniques..........cccceovvveeiiieeiiiecieeeie e 74

4.7. Evaluation of Proposed Methods...........cccoeiiiiiiiiiiiiieeciecee e 74
4.7.1. Analysis of Experimental Results ...........ccccoooiiiiiiniiniiiniiciecieeiee, 75
4.7.1.1. FIOW TIME ..ottt 76
4.7.1.2. Mean Tardiness ........cccceeeueeriienieiiiienie ettt 80
4.7.1.3. Proportion of Tardiness ..........cccecveeeiiieeiieeeiiieeieeeee e 85
AT.04 WIP .ottt 88

4.7.2. Summary of Statistical ANalysis ........ccceeeviieriiiiiiinieiiieeeee e 91

iX



CHAPTER FIVE CONCLUSION 94

5.1 CONCIUSION ...ttt ettt ettt e b e ettt e st e beeeneeenee 94
5.2. Further ReSearch...........cooiiiiiiiiiii e 98
REFERENCES ...ttt sttt sttt 100
APPENDIX A : Input Analysis of Batch Sizes.........ccccccovveeiiieiiiiiciiecieeeeee 107
APPENDIX B : Part Types, Routes and Mean Process Times...........ccccceeeeveeennenn. 110
APPENDIX C: Statistical Analysis of Dispatching Rules for Each Performance
IMIBASUTE ...ttt ettt ettt sat e et e st et e st e bt e s enee 112
APPENDIX D : SIMAN Codes 0f POIICY 1...cc.cooieiieiiiiiieeeeeeeeecee e 116



CHAPTER ONE

INTRODUCTION

1.1. Motivation of the Research

The current need for shop performance improvements is tied to the issue of
competitiveness. There is also a realization that to evaluate shop performance
improvements, researchers must include the shop factors which are relevant.
Recently, sources from industry and academia have suggested some factors. One of
the common factors shared in the studies is setup time and in particular sequence
dependent setups. A sequence dependent setup recognizes that the setup time of a job

is a function of the preceding job on the machine and therefore the overall sequence.

There are numerous industrial systems that serve as examples for which the
amount of setup time varies considerably depending on the processing sequence of
the jobs. These include the cutting and stitching machines in commercial printing
firm, the stamping operation in plastics manufacturing, die changing in metal

processing, and roll slitting in paper industry.

The usual assumption for most job shop scheduling research is that jobs are
sequence independent. The result of this assumption is that capacity management in
these studies requires only the allocation of capacity over the specified time interval;
since the sum of setup and run times remains constant for instances of sequence

independence, capacity utilization also remains constant.

The purpose of this study is to focus on the effects of sequence dependent setups
on different performance measures such as flow time, WIP, tardiness and proportion
of tardiness. Sequence dependent setups have significant implications on shop
performance beyond those directly affecting the shop capacity. Firstly, setup time
constitutes a part of the flow time that directly affects the throughput rate of a
production system. Secondly, the cost of unit setup time is usually higher than that of
unit processing time since the cost of setup time includes loss of productivity due to

machine down-time and the cost of setup itself such as labor cost of a setup



technician. Thirdly, the setup change can often be made only by a qualified
technician since setup is often a complicated work requiring a higher level of

expertise. The qualified personnel are limited resources that are not always available.

1.2. Purpose

The thesis has been carried out in the press department of an oven producing
plant. The press workshop can be accepted as a flexible job shop in which there are
more than one machine each of which has the same capability in terms of working
speed and machine capabilities. Totally 15 main types of products are produced with
many sub types for each main version. As a result of high variety of products, setup
activities are required frequently in a way that the efficient production time is
decreased. Considering this constraint, the main purpose of this thesis is to find an
efficient way to decrease the total time spent for setup activity and to evaluate the
difference on performance measures between the situations when the sequence

dependent setups are considered or not.

To decrease the time spent for setups, it is clear that the same types should be
processed consecutively. But it is not also enough to consider the problem as only
reducing the setups. Because all orders have tight due dates that must be met. If only
it is desired to reduce the setup times by processing the same subtypes consecutively,
the risk of going beyond the desired due dates occurs. For instance, a part ,which has
an urgent due date, may not be processed for a long time as subtypes of another part
are processed consecutively although their due dates are less tight. This is a problem
between meeting due dates and reducing setup times. The balance should be
achieved in a way that while the setup times are reduced as much as available, the

due dates should be also met.

Different dispatching rules are constituted and the performance of each rule is
evaluated considering the objectives such as work in process, flow time, proportion
of tardiness and mean tardiness. By this study, not only the effects of sequence
dependent setup time over the system performances but also the reaction of the

scheduling rules to the different levels of sequence dependent setups is observed.



1.3. Problem Complexity

The job shop scheduling problem (JSP) is one of the hardest discrete optimization
problems. It consists of sequencing a set of jobs on a set of machines in order to
minimize an objective function. Each machine processes at most one job at a time,
and each operation is processed on one machine given. The flexible job shop
scheduling problem (FJSSP) is NP-hard since it is an extension of the job shop
scheduling problem. The NP-hardness of an optimization problem suggests that it is
not always possible to find an optimal solution quickly. Especially, by the increase of
problem size, an enormous computational effort is needed for an optimal solution. So
there should be made a trade off between solution quality and time consumption. As
this study is based on the observation of effects of sequence dependent setup times

over system performances, it is not desired to reach an optimal solution.

The scheduling problem of a flexible job shop problem (FJSP) consists of a
routing sub problem, that is, assigning each operation to a machine in a related set
and the scheduling sub problem, which consists of sequencing the assigned
operations on each machine in order to obtain a feasible schedule. There have been a
few studies about scheduling at job shop environment with sequence dependent
setups and most of them cannot present a highly useable algorithm that can be used

for large problem sizes.

1.4. Thesis Outline

The primary goal of this thesis is to search the impact of sequence dependent
setups over different performance measures and to compare the responsiveness of

different dispatching rules to sequence dependent setups.

Chapter 2 gives an in-depth overview of scheduling problems with solution

procedures.

Chapter 3 gives information about the content of sequence dependent setups and

surveys the literature under the classification of different machine configurations.



In Chapter 4, the scheduling problem for a flexible job machines in an oven
producing company is introduced. After the descriptions of problem, the assumptions
and the constraints, the steps of the simulation methodology is accomplished
sequentially. By the constitution of simulation models for the proposed dispatching
rules, statistical analysis was done for the evaluation of dispatching rules considering

different performance measures.

Finally, Chapter 5 summarizes the research work, and outlines the directions for

future research.



CHAPTER TWO

REVIEW OF SCHEDULING

2.1. Introduction

Scheduling in general deals with assignment of activities to limited recourses
where a set of constraints has to be regarded. These constraints can be e.g.
restrictions on the ordering of operations, due dates etc. Despite of many different

scheduling definitions, all include similar constraints and objectives.

“Scheduling is a study that concerns the allocation of limited resources to the tasks,
which can be in several forms, from service industry to manufacturing systems, or

information processes” (Pinedo, 1995).

“Scheduling specifies the resources that each task needs at particular times. Any
process that defines a subset of What x When x Where can be said to “do
scheduling” (Parunak, 1990).

The ultimate objective of the scheduling task is to select a schedule that optimizes
some pre-stated goal. In this context a schedule is formally defined as a set of start
and completion times for a group of jobs on a group of machines that satisfy all
problem constraints. According to Baker (1974), the three types of decision-making

goals that are prevalent in scheduling are:

o Efficient utilization of resources.
e Rapid response to demands.

e (lose conformance to prescribed deadlines.

A planner constitutes a scheduling function which covers the entire jobs or the
group of tasks defined for the group of the jobs in the company. Scheduling function
should have integration with several other important functions in the organization.
Initially, it is affected by the production planning process, which handles medium
and long-term planning for the entire organization. At this level, scheduling process

should consider many components such as inventory levels, forecasts and resource



requirements to optimize at a higher level, the product mix and resource allocation
for long term period, then it focuses on unexpected events in the shop floor such as

machine breakdowns, or random processing times.

As known planning is a whole system in which scheduling is only one of the
stages. The main difference between scheduling and planning under time/resource
constraints is that, in scheduling we know the set of activities in advance, while in
planning we have to generate the activities. This difference also explains the major
interaction between traditional planning and scheduling: first plan/generate the set of
activities and then schedule/allocate these activities to resources. The diagram in
Figure 2.1 depicts the information flow and the place of scheduling activity in a

manufacturing system.

The scheduling function uses mathematical techniques or heuristic methods to
allocate those limited resources to the processing of tasks. A proper allocation of
resources enables the company to optimize its objectives and achieve its goals.
Resources may be machines in a workshop, runways at an airport, crews at a
construction site, or processing units in a computing environment. Tasks may be
operations in a workshop, takeoffs and landings at an airport or stages in a
construction project. Each task may have a priority level, an earliest possible starting
time, and a due date. The objectives may also take many forms, such as minimizing
the time to complete all tasks or minimizing the number of tasks completed after

their due dates. (Pinedo& Chao, 1999, p.2)

Although to define a scheduling problem in words is often easy, unfortunately,
scheduling can be difficult to perform and implement. Since the time function goes
into the scheme, solution branches grow up to a huge amount, at once. Then,
implementation difficulties arise related to the modeling of the real world scheduling
problems whereas technical difficulties come across the solution methodology and
procedures. Resolving these difficulties takes skill and experience but is often

financially and operationally well worth the effort. (Pinedo& Chao, 1999, p.5)
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Figure 2.1 Information flow diagram in a manufacturing system
(Pinedo & Chao, 1999, p.7)

2.2. Principles of Scheduling

Scheduling is comprised of a series of sequential steps or a routing. General plans

or schedules have the following inputs related with the sequential steps:

e The sequence of operations
e Necessary sequential constraints
e The time estimates for each operation

e Required resource capacities for each operation



In addition scheduling activity serves for finding the answers to the questions
such as when an end item will be completed, and what jobs are to be completed

during a specified time.
2.3. Objectives of Scheduling Problems

Different types of objectives may be under consideration in scheduling problems.

The classical objective functions are either of the ‘minsum’ or the ‘minmax’ type.

The classical objective functions are built by considering the following

elementary functions (Brandimarte, Villa, 1995, p110):

Flow time: F; =C, —r,
Tardiness: 7, = max{C, —d,,0}

Earliness: £, = maX{di - C,,O}

Lateness: Ll- = Ci - di

The most significant minsum objective functions are:

ZCi = Total completion time ZwiCi = Total weighted completion time
i=1 i=1

ZZ = Total tardiness ZWiZ = Total weighted tardiness

i=1 i=l1

ZU ; = Number of tardy jobs z wU, = Weighted number of tardy jobs

i=l i=1
The most significant minmax objective functions are:

L. .. =max L, =maximum lateness

1

T, = max7, = maximum tardiness
i



C,. = maxC, =makespan
r, =Release Date; d, =Due Date; w, =Weight of a job; C, =Completion time of job

The shop structure is also a part of a scheduling framework. For example, in a
flow shop the jobs go through a fixed sequence of the same routing steps whereas in
job shops have customized products with unique routing steps. Additionally shop
structure is about its capacity. A solution may not be appropriate for each different

problem sizes although the problem remains same.

The critical issues about product structures, which affect the scheduling

environment, are:

e Existence of single part or assembly routings
e Type of processing time distribution

e Alternate routings

e Operation overlapping

e Lot sizes

Flexibility of the production system is an important criterion for work center
capability. The extent to which capacity for a particular work center can be increased
or decreased and the time delay to change the capacity both affects scheduling
performance. Another issue in work center capacity is to focus on the bottlenecks. If
the capacity of the bottleneck can be well utilized, then the overall scheduling

performance would be improved too.
2.4. General Assumptions in Machine Scheduling

To simplify the complexity of manufacturing and service environments, most of
the scheduling problems are solved under assumptions associated with job
characteristics and objective functions. The following list gives a set of these
assumptions and points out when some of them are inadequate to represent a realistic

scheduling problem (Brandimarte & Villa, 1995, pg.104-106):
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Single parts and batches of parts are always treated as a single job.

Although this assumption may be appropriate in many situations, in case of large
lots, it may produce poor quality schedules. The classical machine scheduling
formulation does not allow starting processing on a latter machine until all the parts
in the lot are processed on the first one. However, a better schedule may be obtained
by transferring a sub-batch of a part to the preceding machine before the completion

of the whole batch; such sub-batches are called transfer batches.

Job cancellation is not allowed.

All the jobs are to be processed eventually. This is not always true; for instance, it
may be useful to draw a distinction between high-priority and low-priority jobs; low
priority jobs may be scheduled only if the execution of the high-priority ones leaves

enough idle time on the machines.

Preemption is not allowed.

Preemption occurs when an operation is stopped and resumed at a later time. This
is clearly unacceptable from the technological point of view in most manufacturing
environments. However, this is not the case, when scheduling tasks on computer

systems.

Each job visits all machines exactly once.

In practical problems, some machines may not be required for a certain job. In
other cases, a machine may be visited more than once by the same job, e.g.,

reworking of defective parts.

Machines are always available.

In practice, machines may not be available because of controllable events (e.g.,

preventive maintenance) and uncontrollable events (e.g., failures).
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Jobs are all known in advance.

This is the characteristic that distinguishes static and dynamic scheduling
problems. In a dynamic scheduling environment, new jobs arrive at unpredictable

times.

The problem is purely deterministic.

In practice, scheduling problems are stochastic in nature. Machine failures,
unpredictable processing times, (e.g., in the case of manual operations) causes this

uncertainty.

Processing times are independent of the schedule.

Essentially, this assumption implies that setup times are sequence-independent
and can be included in the processing time. This is not the case when sequence-
dependent setup times are to be dealt with. A classical case occurs in paint
production, where sequencing a lot of white paint after the production of black paint

is a very bad idea, due to the large setup time needed to clean the machine.
Machines are the only resources modeled.

In practice, it may be necessary to model additional resources such as

transportation devices (e.g., automated guided vehicles), tools, or skilled labor.
Work-in process is allowed.

Jobs may wait in a queue until next machine required for processing is idle. In

some metallurgical processes, this situation is not possible.
Machines are able to process one job at a time.

This is a correct assumption for many mechanical operations. Batch processors

such as thermal treatment machine, PCB processors, etc violates the assumption.

Precedence constraints can be occurred.
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Blocking of workstations is allowed/not allowed.

2.5. Classification of Scheduling Systems

Scheduling models and systems are classified into different categories

hierarchically and these categories are summarized in Figure 2.2.

Scheduling problems are first divided into two categories as static and dynamic.
In the static scheduling problem, a fixed set of jobs which are defined at the
beginning of the scheduling process are to be planned. The typical assumptions are
that, the entire set of jobs arriving at the same time and all the work centers being
available at that time. Static scheduling problems are investigated by using either
deterministic or stochastic processing times. Methods based on the deterministic
times can be divided into subtypes of those producing optimum results and those
utilizing heuristic scheduling procedures. As the computational difficulty increases
exponentially with the problem size, optimization methods are used mostly for small
problems. For more complex problems, heuristic procedures such as dispatching or

sequencing rules are used.

Dynamic scheduling additionally considers the new jobs that are added during the
production. Dynamic scheduling is based on the prioritization between jobs. The
rules that are used in dynamic scheduling differ from the rules used in static
scheduling in terms of the properties which are considered for scheduling process.
Whereas in static scheduling the unchanged properties such as processing time or
due dates are considered, in dynamic scheduling the properties which change during
the scheduling process such as reaming process time are considered. Simulation is

most commonly used for large scale dynamic scheduling cases.

The main difference between stochastic and deterministic models is the
randomness of events and times. In stochastic models, machine breakdowns,
unexpected orders, random process times and preemption are considered whereas in

deterministic models not.
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Scheduling
Static Dynamic
Deterministic Stochastic
Models Models
Single Machine Flow Shop Open Shop Job Shop

Figure 2.2 Classification of scheduling

2.6. Methodologies for Solving the General Scheduling Problem

For scheduling a high variety of different techniques are used. Generally they can
be classified into two main groups according to their objective whether they consider
optimization or not. The methods which seek for optimization are the most
complicated ones so they require enormous computation time to reach the optimal
solution. The bigger problem size is considered, more difficult to reach the
optimality so they are not always applicable to all problems in real life. The
approximation methods which don’t look for optimal solutions have greater
application areas since they require less computation time. Meanwhile the solution
quality may be poor in some cases. In the following sections, considering the main
classification of methods which is described above, the most common techniques are
introduced. As the thesis is based on the simulation modeling, a more detailed

introduction is given under its title.
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2.6.1. Optimization Using Mathematical Techniques

2.6.1.1. Linear Programming

Linear programming is an optimization technique used to solve optimization
problems. Problems are formulated or programmed as a series of linear expressions.
These expressions are statements of constraints that bound the problem solution and

the objective function.

Some scheduling problems can be formulated as linear programming problems
with the objective defined in terms of the problem variables. However, as is the case
with most scheduling problems of practical dimension, the computational demands

can be extreme.

2.6.1.2. Branch and Bound Techniques

Branch and bound algorithms are straightforward and useful techniques for
solving combinatorial problems. Two basic operations, branching and bounding are
used in order to prevent complete enumeration of the solution space, and hence
reduce the computational complexity of the problem. The branching procedure
partitions the overall problem into a series of sub problems in a tree-like structure.
The bounding procedure is used to estimate the lower bound of each “active” sub
problem in an attempt to establish the likelihood that a particular sub problem will
contain the optimum solution. In this manner a decision tree is dynamically created
level by level. Applying branch and bound strategies at each of these levels
determines the possible set of nodes on that level of the tree from which the search

can continue.

As the complete problem is divided at each level, estimation of lower bounds for
each sub problem allows large branches of the solution space to be removed from the
investigation as the search is guided towards the base of the tree and hence find the
optimal solution to the problem. The objective of branching and bounding strategies
is to do this with the least possible computational effort and hence in the quickest

possible time.
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In terms of scheduling problems, the number of levels in the decision tree
represents the number of operations in the problem. A schedule is any arrangement
of these operations that satisfies all problem constraints. Each sub problem is
identical to the problem at the preceding level with the exception of a single
operation that has been fixed in the last available position in the emerging partial
schedule. Repeating this process down through the decision tree and across its full
width would constitute complete enumeration of the problem. Obviously, calculation
of all possible permutations would uncover the optimal schedule but would take too
long when faced with any problem of practical dimension (i.e. the fundamental
problem). Branch and bound strategies seek to remove large groups of schedules that

have been proven to lead to sub optimal results.

As the search advances through each level of the tree the most likely candidates
for optimality begin to emerge. The optimum schedule is pieced together level-by-

level until all jobs have been given appropriate positions in that schedule.

Work with enumerative techniques such as branch and bound algorithms have
progressed over the years. Unfortunately however, even with tight bounding
techniques these methods require excessive computational time when faced with the
large dimensionality of complex practical problems. Even though success has been
somewhat limited to problems of small to medium dimension, many of their

strategies have been embedded in modern approximation techniques
2.6.2. Approximation Methods

Even when augmented by sophisticated rules and procedures, the most promising
enumerative technique, branch and bound algorithms have failed to produce
satisfactory results when faced with practical problems that, by their nature tend to
be of large dimension. The realization that an enumerative technique was unlikely to
ever offer a satisfactory solution to combinatorial problems brought about a
paradigm shift. That’s why; attention was concentrated on solving the General
Scheduling Problem wusing approximation techniques. Unlike optimization
techniques, approximation methods do not guarantee that the solution generated will

optimize whatever criterion is under scrutiny. In many instances an optimum solution
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to a problem is not required and a sub optimal solution is satisfactory, provided that

it is within a few percent of the optimum. Approximation methods do just that.

Aggressive elimination strategies can very quickly arrive at a solution that is
adequately close to the optimum. As the search technique closes in on the optimum
the costs explode as gains are diminished in correspondence with the law of
diminishing returns. Therefore, the cost of settling for a sub optimal solution
compared with the optimum solution is much less than the cost of computing the
optimum compared with the cost of computing a solution close to that optimum. This
is the fundamental basis for accepting approximation algorithms as promising
approaches to solving this age-old problem. The emphasis is now placed by many
researchers on developing the most efficient approximation algorithm. (i.e. the
algorithm that gets closest to the optimum in the shortest possible time). A more in-

depth explanation of these and other techniques follows.
2.6.2.1. Dispatching Rules

Dispatching rules are the simplest form of approximation technique. Dispatching
rules are a set of heuristics commonly used in scheduling. Most dispatching rules are
“simple single pass priority dispatching rules....once a decision is arrived at by the
operation of a rule, it is implemented without reconsideration of alternative courses
of action.” (King and Spachis 1980). The choice of rule is system dependent and

often determined by the objective criteria.

Job Slack (S) Give priority to the jobs with least ‘job slack’, i.e. the amount of
contingency or free time, over and above the expected processing time, available

before the job is completed at a pre-determined date.
S=1t,-t — Z a,
Where ¢,= future date

Z a, = sum of remaining processing time

t,= present date
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Job Slack Ratio The ratio of the total time remaining to the remaining slack time.

This rule tends to minimize due date related objectives (S/¢,—1,)

Scheduled Start Date The date on which operations must be started so that a job will

meet a required completion date.

Earliest Due Date Process the job with the earliest due date first. This rule tends to

minimize the maximum lateness among the jobs waiting for processing.

Subsequent Processing Times Process the job with the most remaining processing

time first.

Service in Random Order (SIRO) Rule The next job is selected at random from

those waiting for processing. No attempt is made to optimize any objective.

Earliest Release Date First (ERD) Rule This rule is equivalent to the well-known
first-come-first served rule. This rule in a sense minimizes the variation in the

waiting time of the jobs at a machine.

Shortest Processing Time First (SPT) Rule This rule orders the jobs in non
decreasing order of their processing times. This rule tends to minimize the sum of

completion times.

Longest Processing Time First (LPT) Rule This rule orders the jobs in decreasing
order of their processing times. When there are machines in parallel, this rule tends

to balance the workload over the machines.

Shortest Setup Time First (SST) Rule Whenever a machine is freed, this rule selects
for processing the job with the shortest setup time. This rule tends to minimize make

span objective.

Least Flexible Job First (LFJ) Rule This rule is used when there are a number of
non-identical machines in parallel and the jobs are subject to machine eligibility

constraints. Whenever a machine is freed, the job that can be processed on the
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smallest number of other machines is selected, that is, the job with the fewest

processing alternatives.

Dispatching rules have been applied consistently to scheduling problems. They
give quick and simple solutions that can be used to support real-time decision-
making because they are not iterative procedures. Dispatching rules can be easily

integrated as rules in intelligent control systems as part of a dynamic scheduler.

As would be expected, the use of dispatching rules is limited. The performance of
rules varies under different conditions. Different rules perform better in some
situations. Therefore, the choice of rule used depends on the problem in question.
The rules themselves have been studied extensively, usually under the controlled
conditions of a simulation model. The simulation model allows the performance of
different rules to be compared and contrasted in different scenarios. Also, the volume
of testing that can be done using a simulation model is significantly greater than

could be achieved by testing in the physical system.

2.6.2.2. Artificial intelligence (AI) Techniques

The science of artificial intelligence attempts to make machines respond to tasks
in ways that would normally consider intelligent if done by humans. In other words,
to emulate in machines, human-like attributes such as intelligent decision-making
and learning. This section discusses some of these ideas in the context of developing

an automated and intelligent, dynamic scheduling system.

Rule-based expert systems are computer models in which domain knowledge
relating to some specific problem is captured and represented as rules. Instead of
attempting to develop a complex algorithm to represent the overall behavior of the
system, the model of the system is broken down into a series of simple rules whose
individual behavior combine to effectively model the behavior of the entire system.
The term expert system refers to the origin of these rules. The expert is the purveyor

of knowledge.
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The structure of a rule-based expert system is fundamentally different to the
algorithmic structure used in the development of procedural programs. The most
outstanding difference is the way in which the expert system separates knowledge
and facts. Knowledge (i.e. the rules) is stored in a knowledge base whereas the facts
(i.e. the variable data that describes the state of the system and concerning which the

rules reason) are stored in a separate database.

The expert system knowledge base stores the rules that describe the system in
addition to information relating to these rules. The fact-base provides a data image of
the system. The reasoning core of the expert system is its inference engine. It uses
the fact-base to assess the status of the system and consequently invokes rules in the
knowledge base. The explanation facility provides a human machine interface that
helps developers and users alike in understanding exactly what the system is doing

and more importantly, why?

2.6.2.3. Neighborhood Search Methods

Local search techniques attempt to locate sub optimal yet acceptable solutions in
an exceptionally large solution spaces such as that generated by scheduling
problems. A sub optimal solution can be reached by applying a series of small
changes to a schedule that results in iterative improvement of the objective function.
In order to develop a successful search strategy the design of the neighborhood
structure is very important. The structure of the neighborhood describes the
relationship between neighbors. It depends directly on the method used to generate
the schedule. Each neighborhood comprises similar schedules that are constructed by
two principle operations, adjacent pair-wise interchange of operations on the critical
path of the schedule and one-step look-back interchange of operations. The search
process begins by selecting a start point. Heuristics or simple rules are often used to
make this selection and making small changes to the starting schedule results in
iterative improvements to the objective function. In its simplest form only schedules
that improve the objective function will be accepted. This has the effect of guiding
the search to a local optimum point. The quality of the solution is heavily dependent

on the starting schedule because schedules that do not improve the objective function



20

will always be rejected. A number of independent searches of the same solution
space, with different start points increase the probability of finding a solution that is
close to the optimum. The main problem with simple search techniques is their
tendency to become trapped in unsatisfactory local minima. More advanced iterative
improvement strategies do not automatically disregard schedules that do not improve
the objective function and this allows them to escape from unsatisfactory local

minima.

2.6.2.3.1. Random Search

Random search is an extremely basic method. It only explores the search space by
randomly selecting solutions and evaluates their fitness. This is quite an unintelligent
strategy, and is rarely used by itself. It does not take much effort to implement it, and
an important number of evaluations can be done fairly quickly. For new unresolved
problems, it can be useful to compare the results of a more advanced algorithm to
those obtained just with a random search for the same number of evaluations.
Random search has a few interesting qualities. However good the obtained solution
may be, if it is not the optimal one, it can be always improved by continuing the run
of the random search algorithm for long enough. A random search never reaches any
stage such as a local optimum. Furthermore, theoretically, if the search space is
finite, random search is guaranteed to reach the optimal solution. Unfortunately, this
result is completely useless. For most of problems, exploring the whole search space

takes far too long time.

2.6.2.3.2. Hill Climbing

Hill climbing is a standard local search procedure. It selects the first or the best
improvement in the neighborhood to replace the seed. If the neighborhood of a
solution is small, then it is reasonable and feasible to generate them all and select the
best. If the neighborhood is very large, then to even generate them all might take a
very long time. In this case it may be best to select the first improvement. One
possible variation is selecting the best improvement from a fixed number of sampled

schedules in the neighborhood. It is worthwhile noticing that there is no way to
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escape the first encountered local optimum since any move in the local neighborhood

produces a worse schedule.

On functions with many peaks (multimodal functions), the algorithm is likely to
stop on the first peak it finds even if it is not the highest one. Once a peak is reached,
hill climbing cannot progress anymore, and that is the problem when this point is a
local optimum. A simple idea to avoid from the first local optimal consists in
repeating several hill climbs each time starting from different randomly chosen
points. This method is sometimes known as iterated hill climbing. By discovering
different local optimal points, it gives more chance to reach the global optimum. It

works well if there are not too many local optimums in the search space.
2.6.2.3.3. Simulated Annealing

Threshold algorithms accept inferior schedules as possible candidate solutions
provided the deterioration in the objective function is less than some threshold value.
Simulated annealing is a sophisticated variation on the simple concept of threshold
algorithms. In the case of simulated annealing, the thresholds are positive and
stochastic. In other words the threshold that determines whether a candidate schedule

can be disregarded or not, varies over the period of the search.

The algorithm searches a neighborhood that is generated by some mechanism
randomly changing the schedule to another in the same locality. The objective
function is tested and in the case of an observed improvement the new schedule is
taken as being the best. Otherwise the schedule is tested according to Metropolis’
criterion before the decision to disregard the schedule as the source of an overall

improvement, is made.

Metropolis’ criterion states that if:

eTAED > 5
where :

0 : A random number in the range 0 to 1 generated from a uniform distribution.
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AE : The difference in the objective function between the current best schedule and

the new candidate schedule.

T : The temperature describe by the cooling schedule.

If Metropolis’ criterion is satisfied then a schedule generating an inferior measure
of performance to that of the best known schedule will not be automatically
disregarded and can therefore be used to generate offspring that may ultimately lead

to superior schedules.

General steps in a basic simulated annealing method can be described as follows

(Brandimarte, Villa, 1995, p341).

1. Choose an initial solution, initial optimal value and initial temperature.

2. Choose a new optimal solution randomly from the neighborhood and compute the

fitness value.

3. Calculate the acceptance probability (P).

4. Accept the new solution with probability of P. If this solution is accepted, replace

with the old one.

5. If the termination condition is met, stop the algorithm, otherwise update the

parameters and go to step2.

2.6.2.3.4. Tabu Search

Tabu Search is an iterative technique that is characterized by its use of flexible or
adaptive memory. As has already been discussed, the principal limitation of
neighborhood search procedures is that they tend to become trapped in local minima.
In order to avoid this, the Tabu search technique relies on specialized memory
structures to avoid entrapment in local minima and achieve an effective balance of
intensification and diversification. An evaluation function chooses the best solution
at each iteration. The mechanism used by Tabu search to escape local minima can

lead to other problems. The very fact that this technique allows the search to return to
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less desirable solutions instead of making continual and iterative improvements can
force the search to revisit previously evaluated schedules and even trap the search in
an infinite loop. The search uses a ‘Tabu list’ to prevent these problems occurring.
The Tabu list stores a group of moves or alterations to the schedule that are forbidden
or Tabu at that particular time. Optimality is not guaranteed by approximation
techniques. In terms of Tabu search, the closeness of the final solution to the
optimum can vary depending on factors such as the list length as well as other

variables.

2.6.2.3.5. Genetic Algorithms

A genetic algorithm is a directed random search technique, whose algorithms are
analogous to the natural process of evolution. The evolutionary process analyses the
performance or “fitness” of a species in their particular environment. From one
generation to the next it tries to preserve characteristics and attributes that perform
well and eliminate those that perform poorly in an attempt to continually improve the
species and increase its chances of survival. In a similar manner, genetic algorithms
attempt to arrive at the best solution to a problem by evolving from a reasonable
through a process of continuous improvement at each iteration. In the context of the
scheduling problem the technique identifies characteristics of schedules that have
produced good solutions, and attempts to retain these characteristics and eliminate

poor characteristics.

Genetic algorithms like all search techniques require a start point. This starting
schedule or group of schedules can be generated in a number of ways. One approach
is to randomly generate a series of starting points. The resulting search is highly
diverse and therefore is less likely to become trapped in substandard minima. The
inherent problem of diversity is a lack of intensification about quality solutions and
as a direct result computational time can be excessive. Randomly generated initial
populations are mainly used either to develop generic genetic algorithms or in
developing applications for problems about which little or no a priori knowledge is
available. When this domain knowledge can be tapped, a heuristic or empirical

technique can be used to generate a more accurate starting population.
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There are many strategies for deciding which part of solutions to retain and which
to discard. In the domain of genetic algorithms these strategies are defined by a set of
functions called genetic operators. The three most common types of genetic

operators used are, selection, crossover, and mutation.

The aim of selection operators is to discriminate between good and bad schedules
and therefore produce more copies of individuals whose fitness level is high. The
selection procedure has a significant influence on driving the search towards good

solutions in the shortest possible time.

The crossover operator takes two parents from the selection and uses these to
generate children (i.e. new schedules in the form of binary stings). Analogous to
reproduction processes in nature, children typically inherit characteristics of both
parents. The crossover operator randomly selects a cut point. It then preserves and

swaps alternate portions between parent strings.

The mutation operator seeks to diversify the search forcing it to jump into new
neighborhoods and hence avoid convergence on local minima. It achieves this by
randomly altering some of the ‘1’s and ‘0’s in the parent string. The rate of mutation
must be set at a level that will guide the search to the global minimum point without
having to search too many possible solutions and neighborhoods, and hence incur

excessive computational time.

2.6.3. Simulation Modeling

Simulation has been successfully employed as an analysis tool for predicting the
effect changes have on existing and hypothetical systems. This insight allows for

more informed appraisals of alternatives, greatly enhancing the planning function.

Simulation modeling allows microscopic analysis of complex system dynamics
giving the intimate understanding required to maximize the efficiency of such
systems. As well as being used to predict the future and explain the operation of
complex processes, simulation models are also used in real-time control systems to

provide decision support for automated (intelligent) decision makers.
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Simulation is certainly more tractable than mathematical programming
formulations of FMS scheduling problems. With simulation, there is no concern
about feasibility, since there is no need to make any simplifying assumptions. The
simulation model can be built as close to reality as one needs to however, simulation
is carried out with just one rule for each type of decision, then simulation does not
serve any decision support purposes then, the only purpose of simulation would be
prediction-when a job can be expected to be completed, what machine utilizations
can be expected, etc. Simulation can work as a decision support tool when there is
the possibility to simulate under different decision alternatives. The informed
decisions could be made by looking at the simulation results. Current research
suggests that a combination of simulation and ‘meta-heuristic’ optimization
techniques- applied to analytically intractable problems- can yield optimal or near

optimal solutions.

2.6.3.1. Use of Simulation in Scheduling

Discrete event simulation has been successfully employed as an analysis tool for
predicting the effect of changes on existing and hypothetical systems. This insight
allows for more informed appraisals of alternatives, greatly enhancing the planning

function.

Simulation modeling allows microscopic analysis of complex system dynamics
giving the intimate understanding required to maximize the efficiency of such
systems. As well as being used to predict the future and explain the operation of
complex processes, simulation models are also used in real-time control systems to

provide decision support for automated (intelligent) decision makers.

Current research suggests that a combination of simulation and ‘meta-heuristic’
optimization techniques applied to analytically intractable problems can yield

optimal or near optimal solutions.

The versatility of simulation modeling allows it to explore new challenges easing
comfortably into a variety of roles. Its marriage to optimization and approximation

search techniques has lead to the development of sophisticated yet practical and
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understandable systems that can take-on mammoth scheduling tasks. Even though
many of these techniques are still in their infancy, promising results could have far

reaching consequences for optimization problems in other domains.

To date, much discussion has centered on using simulation to assist in supporting
long-term strategic decisions. The success of simulation modeling in this role has

however been mixed.
The simulation model is an important part of the overall control system.

“The major function of the simulation model is to evaluate control
policies in a flexible manufacturing cell by examining the effect of the

scheduling rules on an on-line test base.”

“Thus at the end of all simulation passes, the best scheduling rule that
results from the simulation is applied to the physical manufacturing
system. The basic principle behind the simulator is the use of a
deterministic simulation as a short-term predictive tool for alternative

control strategies in a manufacturing.” Wu (1989).

Rembold et al (1993) echo this concept in their description of the Ambherst-

Karslruhe dynamic scheduling system.

“The heart of the system is a knowledge-based selector for scheduling
methods and a library of logic scheduling algorithms. The system knows
from a given order and manufacturing status which logic scheduling
algorithms have to be used to obtain the desired manufacturing goal and

to meet due dates.”

Taha (1997) goes on to explain that one of the main advantages simulation
modeling has over rigid mathematical systems is the flexibility that results from its

simplicity, stating:

“Simulation models are much more flexible in representing systems than

their mathematical counterparts. The main reason for this flexibility is
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that simulation views the system at elemental level, whereas
mathematical models tend to represent the system from a more global

standpoint.”

In this thesis, simulation is used as a tool to evaluate the effects of different
scheduling dispatching rules over different performance measures. Also the proposed
models have the capability to give information about where and in which sequence
each part can be processed thorough the process. Additionally it gives the necessary
information about the parts that missed the required due dates. By the help of this
information, the production planner has supportive information to make the relevant
adjustments over the production system. Detailed knowledge about the simulation

study is given at Chapter 4.

Simulation is begun to be used in many different service and production areas for
different purposes and proposes many advantages compared to other techniques. The
increasing role of simulation in manufacturing, its application areas and the possible

advantages of using simulation are introduced under the following sections.

2.6.3.2. New Emerging Role of Simulation in Manufacturing

Simulation, in addition to giving the user insight into how complex systems
function and how variables interact with each other, provides the user an informative
approximation of “what-if” scenarios. To date much discussion has centered on using
simulation to assist in supporting long-term strategic decisions. The success of
simulation modeling in this role has however been mixed. In the past decade
simulation modeling has taken on a new role providing analytical support to real-
time decision makers. In the context of completely automated and flexible
manufacturing systems, these decision makers are often Al components. Thus
simulation models have become completely integrated as modules of automated

control systems. McNally and Heavey (2002) describe this emerging niche.

“Other researchers have been proposing the extension of simulation tools
beyond a traditional design role (Dewhurst et al 2001, Kosturiak and
Gregor 1999). With this approach the same model can be extended with



control functions and interfaces with the environment (shop floor data
collection systems and production planning and control databases) to
support dynamic scheduling of production orders, capacity plans, labor

allocations etc.”

“One area to emerge over the last decade has been the real time control
and planning of manufacturing systems using computer simulation;
especially in the area of flexible manufacturing systems. The simulation
model is linked to the controllers of the flexible manufacturing system.
Real time activities primarily refer to daily operations that require
efficient, timely, and adaptive responses to short-term planning,

scheduling and execution problems.”

2.6.3.3. Applications of Simulation Modeling
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The applications of simulation modeling are wide and varied. McLean et al

(2001), give a summary of general problem classes that are not industry specific.

Simulation can be used in manufacturing to:

* Model “as-is” and “to-be” manufacturing and support operations from the supply

chain level down to the shop floor.

* Evaluate the manufacturability of new product designs.

* Support the development and validation of process data for new products.

* Assist in the engineering of new production systems and processes.

* Evaluate their impact on overall business performance.

* Evaluate resource allocation and scheduling alternatives.

* Analyze layouts and flow of materials within production areas, lines

workstations.

* Perform capacity planning analyses.

and
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* Determine production and material handling resource requirements.

* Train production and support staff on systems and processes.

* Develop metrics to allow the comparison of predicted performance against “best in

class” benchmarks to support continuous improvement of manufacturing operations.

2.6.3.4. Advantages of Simulation Modeling

Pegden et al (1990) present the following benefits of using simulation modeling to

deal with complex problems:

* New policies, operating procedures, decision rules, information flows,
organizational procedures, and so on can be explored without disrupting ongoing

operations of the real system.

* New hardware designs, physical layouts, transportation systems, and so on, can be

tested without committing resources for their acquisition.

* Hypotheses about how or why certain phenomena occur can be tested for

feasibility.

* Time can be compressed or expanded allowing for the speed up or slow down of
the phenomena under investigation. Bottleneck analysis can be performed indicating
where works in process, information, materials, and so on are being excessively

delayed.

* A simulation study can help in understanding how the system operates rather than

how individuals think the system operates.

* “What if” questions can be answered. This is particularly useful in the design of

new systems.

* Insight can be obtained about the interaction of variables.
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* Insight can be obtained about the importance of variables on the performance of the

system.

There is however a number of drawbacks associated with complex simulation
models. The modeling process can be extremely costly in both time and other
resources. Also, a complete knowledge and understanding of the system dynamics is
required to develop a successful model. This level of knowledge may not exist or
may be dispersed and difficult to compile. Other problems can plague even the most

meticulously developed models.

“Simulation computations, though usually simple, are voluminous. It is
thus unthinkable to execute a simulation model without the use of a

computer.”

“Moreover, the execution of some simulation models, even on the fastest

computers, may be slow.” Taha (1997)



CHAPTER THREE

LITERATURE REVIEW

3.1. Introduction

Setup includes work to prepare the machine, process, or bench for product parts
or the cycle. This includes obtaining tools, positioning work in process material,
return tooling, cleanup, setting the required jigs and fixtures, adjusting tools and
inspecting materials. The sequence dependent setup can be either separable or
inseparable from the process of a job. If the setup procedure is inseparable, then the
setup cannot begin unless the job is physically ready to be processed. On the other
hand, if the setup procedure is separable then the setup can begin even if the job is

not ready for a machine as long as the machine is free.

There are two types of setup time variations: Between-job variation and within-
job variation (Bobrowski & Kim, 1997). Between-job variation occurs due to
different setup requirements in different jobs. These requirements create the
sequence dependency of setup times. Most previous studies on set up time have
focused on sequence dependency and ignored within-job variation. Within-job
variation occurs due to the variation in skills of setup crews and other “noise” in the
system. Within-job variation can be reduced by improving the skills of setup crews

through training or by standardizing setup change procedures.

The setup operation has for long been considered negligible and hence ignored or
considered as part of the processing time for the case of setup time. While this
assumption simplifies the analysis and/or reflects certain applications, it adversely
affects the solution quality for many applications which require explicit treatment of
setup. Such applications, coupled with the emergence of production concepts like
time based competition and group technology, have motivated increasing interest to

include setup considerations in scheduling problems.

The importance of setup times have been investigated in several studies.

Wilbrecht and Presccott (1969) found that sequence dependent setup times are

31
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significant when a job is operated at or near full capacity. Flynn (1987) determined
that applications of both sequence dependent setup procedures and group technology
principles increase output capacity in a cellular manufacturing shop. She applied the
Repetitive Lots (RL) procedure which capitalizes on the sequence dependency of
setup times by scanning a queue of waiting jobs and seeking to find a job identical to
the job that was just processed on the machine. Wortman (1992) underlined the
importance of considering sequence dependent setup times for the effective
management of manufacturing capacity. Krajewski et al (1987) concluded that,
regardless of the production system in use, simultaneous reduction of setup times and
lot sizes is the most effective way to reduce inventory levels and improve customer

service.

Furthermore, treating setup time separately from processing time allows
operations to be performed simultaneously and hence improves performance. This
concept is inherent in recent production management philosophies and techniques
such as just-in time (JIT), optimized production technology (OPT), group

technology (GT), cellular manufacturing (CM), and time based competition.

Sequence dependent setups are specially considered at some manufacturing
industries. In the production of integrated circuits such as microprocessors, memory
chips, microcontrollers and other semiconductor devices in microelectronic factories
like wafer fabrications sequence dependent setup time has critical importance for
reducing the time in manufacturing. One type of wafer processing equipment that is
characterized by sequence dependent setups is an ion implanter which focuses on an
accelerating beam of a desired dopant’s electrons into specific locations on the
wafer’s surface within a gaseous environment. The type of gas contained in an
implanter’s processing chamber depends upon which dopant is to be implanted into
the wafer. Once an implanter has finished processing of a current wafer, the gas
currently contained in the process may have to be purged and replaced with a

different gas depending in the process chamber.

In paint fabrics, the paint operations often require changeover. Every time a new

color is used, the painting devices must be cleaned. The clean up time often depends
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on the color just used as well as the color about to be used. In practice, the best

sequence is to go from light to dark colors because the cleanup process is easier.

In paper bag factories setup is needed when machine switches between types of
paper bags and the setup duration depends on the degree of similarity between

consecutive batches such as size and number of colors.

In several textile industry applications setup for weaving and dying operations
depends on the job sequence. In the container and bottle industry, the settings change
depending on the sizes and shapes of the containers. In the plastic industry, different
types and colors of products require sequence dependent setups. Similar practical
situations arise in the chemical, pharmaceutical, food processing, metal processing
and paper industries. Also, in an automatic turning center, the setup time depends on
the difference in the number and type of the tools currently mounted on the turret and

the ones required for the next work piece.

Sequence dependent setups have significant implications on shop floor

performance (Kim & Bobrowski ,1994)

e Setup time constitutes a part of flow time that directly affects the throughput
rate of a production system

e The cost of unit setup time is usually higher than that of unit processing time
since the cost of setup time includes loss of productivity due to machine
down time and the cost of setup itself, i.e. labor cost of a setup technician.

e The setup change can often be made only by a qualified technician since
setup is often a complicated work requiring a higher level of expertise. These

qualified personnel are limited resources that are not always available.

In the case of sequence dependent setup times, the total amount of setup time
depends on the level of WIP in the shop and this relationship must be known to the
order function to determine the appropriate level of WIP in the shop. Generally an
increase in the level of WIP in the shop (longer queues) leads to lower setup times
for a given output and to lower utilization of the facilities for a given output cause of

setup time savings so the maximum output will be obtained. Short average flow
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times which can be obtained by a low level of WIP can increase the setup times and

costs.

Scheduling research involving sequence dependent setup dates back over four
decades. Most researches have investigated single and parallel machine problems.
Flow time related performance criteria have been popular. Some researches
developed optimization procedures with respect to different cost functions but very

few considered due date related objectives.

The following four sections discuss the studies considering scheduling with

sequence dependent setup times at different machine configurations.

3.1.1. Single Machine Problems

Arriving tasks require service from a single available resource. Tasks are
performed by the resource one at a time and each task has different properties such as
processing time, due date, setup time. Different researches consider different
performance criteria and use different approaches for solution. This section addresses

the setup literature in a single machine environment.

For a cost function which includes total setup cost Burstall (1966) studies over a
problem with a machine which may be in different states and each job can be
processed in different states of machine with different cost. He proposes to break
down the problem into smaller sub problems and uses a branch and bound technique
to reach at the objective of minimizing the total cost. Barnes and Vanston (1981)
study over the minimization of the sum of setup cost and linear delay penalties. They
develop several branch and bound procedures based on different branching rules and
compare those with a hybrid of branch and bound and dynamic programming. They
report that the hybrid approach performs better than any of the pure branch and
bound procedures. Bianco et al. (1988) use a branch and bound procedure for the
maximum flow time problem with release times. Two different lower bounds are
used, one based on the linear programming relaxation of the integer programming
formulation and the other based on Langrangian relaxation. An upper bound with a

constructive heuristic and specify a set of dominance criteria are formulated. Uzsoy
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et al. (1991) develop procedure which decomposes a complex job shop with
sequence dependent setup times and re-entrant work flows into separate work
centers. The job shop is presented as a disjunctive graph, and the release times and
due dates of the jobs at each work center are estimated. Then a separate scheduling
problem is solved of each work center. One of the arising problems is the single
machine scheduling problem under precedence constraints. They propose an optimal
branch and bound algorithm and a local improvement heuristic for the lateness

objective.

Miller et al. (1999) propose a hybrid genetic algorithm for the single machine,
single stage scheduling problem with a fixed planning horizon to minimize the sum

of setup, inventory holding and backlog costs.

Uzsoy et al. (1992) propose heuristics for the dynamic problem and dynamic
programming procedure for the static problem to minimize the maximum lateness
and the number of tardy jobs. They also develop worst case error bounds for the
special case in which setup times are bounded from above by the processing times.
Lee et al. (1997) propose a three phase heuristic which computes some parameters in
the first phase. In the second phase, an initial schedule is developed using priority
rule based on these parameters. This schedule is improved in the third phase via a
local improvement search procedure. They aimed the minimization of weighted total
tardiness. Farn and Muhlemann (1979) review an exact algorithm and several
heuristics to solve the setup time minimization problem. They analyze both the static
and dynamic problems, and conclude that the best procedure for the dynamic

problem isn’t necessarily the same as that for the static problem.

Kolahan et al. (1995) use a tabu search approach to find a good sequence such
that, once the tool replacement decision has been made in an automated machine
center, the total expected production cost which includes sequence-dependent setup

cost 1s minimized.

Monma and Potts (1989) consider batch scheduling problems in which the
number of batches is fixed and the triangular inequality of setups is satisfied. They

show that under these conditions the problems of maximum lateness, total weighted
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completion time and the number of tardy jobs can be efficiently solved via dynamic

programming.

Raman et al. (1989) investigate the dynamic scheduling of an automated
manufacturing center in which jobs are processed in batches and constant setup times
between batches are incurred. For the mean flow time and mean tardiness criteria,
they developed the characteristics of the optimal solution. They also provided an
implicit enumeration approach to solve the problem with the mean tardiness

objective.

Table 3.1 summarizes the literature of single machine problems which considered

the sequence dependent setups in scheduling process of jobs.

3.1.2. Parallel Machine Problems

Arriving jobs can be processed on any one of a number of available machines.
Each job with different characteristics has a single operation that can be performed
on any machine. Setup times are separate from processing times, and the magnitude
of a setup depends upon the type of previous setup and the next job to be processed.
In the following pages the researches are introduced in sequence of the techniques

commonly used.

Deane and White (1975) address a static problem with independent batch type
jobs which have sequence dependent setups on multiple parallel processors. They
present a branch and bound algorithm which minimizes the total setup cost while
meeting work load balancing restrictions. They explain that their algorithm is
feasible for solving small to moderate size problems and discuss the extension to
handle non-identical processors. Bitran and Gilbert (1990) study a parallel machine
problem with two magnitudes of sequence dependent setups. They construct a
network model to represent the cost structure that is used to define product families.
They develop a branch and bound procedure that allocates the job families so as to
minimize the total setup cost. Marsh and Montgomery (1973) develop a branch and
bound algorithm for the identical parallel machine problem where the objective is to

minimize the total setup time.
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Table 3.1 Literature of scheduling researches considering single machine environments

Authors Technique Objective Constraints
Branch and
Burstall (1966) Bound Total setup cost
Barnes & Vanston Branch and Total setup cost,
(1981) Bound linear delay penalties
Bianco et al.(1988) Branch and Maximum flow time Non zero release
Bound times
Branch and Precedence
Uzsoy et al. (1991) Maximum latenes constraints, re-entrant
Bound
work flows
Comparison the
performance of
Farn& Muhlemann Heuristics heuristics for both
(1979) : :
dynamic and static
scheduling problems
Maximum lateness, Fixed number of
Monma & Potts Dynamic total weighted .
. .o batches, triangular
(1989) Programming completion time, ineauality of setups
number of tardy jobs qualtity p
Implicit )
Raman et al.(1989) | Enumeration Mean ﬂow'tlme,
mean tardiness
Approach
Dynamic . Precedence
. Maximum lateness, .
Uzsoy et al. (1992) | Programming, . constraints, non zero
. number of tardy jobs )
Heuristics release times
Kolahan ctal. Tabu Search Cost function

(1995)

Heuristic using
local

Leeetal. (1997) | improvement Weighted total
tardiness
search
procedure
Genetic Number of setups,
Miller et al. (1999) Algorithm inventory holding

and backlog costs
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They assume that all jobs are available at time zero and have no due date restrictions.
They discuss an extension of their procedure to the non identical machine case. Kang
et al. (1999) propose a sequence splitting technique to break down the lot sizing and
scheduling problem into tractable sub problems. They use a heuristic approach based

on branch and bound to minimize the total setup cost.

Guinet (1993) studies parallel machine problems in the make-to-stock and make-
to-order environments. He uses the total flow time and mean tardiness as
performance criteria. Solution methodologies for the make-to-stock case are the
Hungarian method and an assignment algorithm. He applies a transportation

algorithm and a sequential assignment procedure for the make-to-order case.

Ovacik and Uzsoy (1993) consider a special case of the parallel machine problem
where the setup time associated with each job is bounded from above by its
respective processing time. They construct worst-case error bounds for the maximum

lateness and makespan problems.

Ovacik and Uzsoy (1995) present a family of rolling horizon procedures to
minimize the maximum lateness with parallel identical machines, sequence
dependent setups and dynamic job arrivals. They first develop a technique for the
single machine problem and then extend it to solve parallel machine problem. They
report that the performance of their technique can be improved if better lower bounds

are found.

Lee and Pinedo (1997) develop a three phase heuristic to minimize the weighted
tardiness on identical parallel machines. The first phase consists of computing some
factors for the particular instance of the problem. In the second phase, a sequence is
constructed via a dispatching rule which makes use of the factors computed in the
previous phase. Phase three starts with this schedule and attempts to improve it using

a simulated annealing technique.

Franca et al. (1996) use a tabu search methodology to minimize the makespan of a
set of jobs with sequence dependent setups on identical machines. They obtain an

initial solution by assigning each job to the machine which results in the smallest
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increase in the current make span. This solution is improved via a tabu search
procedure where moving a job from the busiest machine to another machine
constitutes a neighborhood move. The solution found by the tabu search procedure is

further improved by post processing the sequence on the busiest machine.

Dearing and Henderson (1984) analyze a scenario with identical parallel
processors, and constraints on demand, total setup time and other operational
characteristics. They model the problem as a mixed integer linear program to impose

preferences among products and to smooth the number of setups from week to week.

Ghosh (1994) shows that the problem with the objective of minimizing the
weighted completion time in the presence of sequence dependent setups is strongly
NP-hard for arbitrary numbers of batches and machines which are identically
parallel. When the number of batches is arbitrary, the problem is strongly NP-hard
even if the jobs are identical. However, when the number of batches is fixed, the total

completion time problem is solvable in polynomial time.

Table 3.2 summarizes the literature of scheduling problems in parallel machine

environment considering the sequence dependent setups.

3.1.3. Flowshop Problems

In a m-machine flow shop, arriving jobs have to be processed on m machines in
the same technological order. Each job has m operations and operation i of each job
is to be performed on machine i. Operation times for each job on different machines

may be different.

Corwin and Esogbue (1974) show the optimality of permutation schedules for the
two machines flow shop problem with make span minimization objective where the
setup times are sequence independent in the first machine and sequence dependent in

the second. They present dynamic programming formulations for the problem.

Uskup and Smith (1975) consider a two stage production sequencing problem
with due date constraints and sequence dependent setup times on both machines that

are proportional to the processing times.
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Table 3.2 Literature of scheduling researches considering parallel machine environments

Authors Technique Objective Constraints
. Workload
Deane and White Branch and Bound | Total setup cost balancing
(1975) -
restrictions
Bitran and Gilbert Branch and Bound | Total setup cost Minor and major
(1990) setups
Marsh and Identical and non-
Montgomery Branch and Bound | Total setup time | . . :
(1973) identical machines

Kang et al. (1999) | Branch and Bound | Total setup time

Dearing and Mixed integer linear

Henderson (1984) program Total setup cost

Total flow time,

Guinet (1993) Hungarian Method mean tardiness

Ovacik and Algorithm using Maximum Bounded setup
Uzsoy (1993) Worst case error lateness, time
bounds makespan
. . Arbitrary number
Ghosh (1994) Dynamie Coryfelﬁgfime of machines and
Prog & P batches
Ovacik and Rolling horizon Maximum Dynamic release
Uzsoy (1995) procedure lateness times
Franca et al. Tabu search Makespan

(1996)

Heuristic combining
a dispatching rule and
simulated annealing

Weighted
tardiness

Lee and Pinedo
(1997)

Their problem is different from the classic flow shop problems in that they allow
different processing orders in two stations. They propose a branch and bound

procedure to minimize the total setup cost without violating the due date constraints.
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Gupta and Darrow (1986) show that the static two-machine flow shop scheduling
problem with the objectives of make span minimization is NP-complete in the
presence of sequence dependent setups. They also show the permutation schedules
for this problem may lead to suboptimal solutions. They present four approximate
algorithms. They report that two of these algorithms become ineffective when the

setup times are in the range as the processing times.

Gupta (1986) presents a proof of NP- completeness for the static flow shop
scheduling problem in which jobs need to be processed in the same technological
order in sequential machines so as to minimize the make span. He suggests that a

TSP formulation of the scenario based on the TSP formulation.

Srikar and Ghosh (1986) formulate the flow shop problem with sequence
dependent setups as a mixed integer linear problem. The objective is make span
minimization or the minimization of the mean flow time. They use a reduced number
of integer binary variables compared with the previous formulations. They solve
several instances of the problem with combinations of up to six jobs and six

machines and final optimal solutions in all cases.

Bianco et al. (1988) show that the flow shop scheduling problem with sequence
dependent setup times is equivalent to the TSP with additional visiting time
constraints. They give a mathematical formulation and two lower bounds for the

TSP, and propose two heuristics algorithms to solve the scheduling problem.

Szwarc and Gupta (1987) consider a flow shop scheduling problem with additive
sequence dependent setups. They develop a polynomially bounded approximate
method which finds permutation schedules to minimize the make span. They show

that their algorithm yields optimal results for the two machine case.

Parthasarthy and Rajendran (1997) address the flow shop scheduling problem
with the objective of minimizing the mean weighted tardiness. They propose a
simulated annealing procedure with a neighborhood structure based on a random

insertion perturbation scheme. Later, they extend their algorithm to cover the
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objectives of minimizing the maximum weighted tardiness and minimizing the total

tardiness of the jobs.

Rios-Mercado and Bard (1998) present two insertion based heuristics. One is the
extension of a procedure for the general flowshop problem without sequence
dependent setups and the other is a greedy randomized adaptive search procedure.
Their methods perform well for the problems in which the setup times are smaller
than the processing times. They also propose a two phase lower bound for this
problem. The first phase involves solving the assignment relaxation of the associated
TSP problem. The lower bound obtained in the first phase is improved in the second

phase via idle time insertion.

Table 3.3 summarizes the literature of scheduling problems in parallel machine

environment considering the sequence dependent setups.

3.1.4. Job shop Problems

A few researches have been done over job shop scheduling problems with
sequence dependent setups. Almost all approaches to the problem involved the use of
heuristic procedures due to complexity of the problem. Due date and processing time
related performance criterias have been popular. Some researchers chose to optimize
with respect to total cost of setup. The common investigated topic is the evaluation of
the effect of sequence dependent setups over different performance measures and
also to compare the reaction of different methods to setups. The optimization
objective hasn’t been almost ever considered due to the high complexity of problem

sizes.

Setup considerations in job shops started almost three decades ago when Prescott
and Wilbrecht (1969) discovered using a simulation study that sequence dependent
setup times play a critical role in the performance of a job shop operating at full or
near full capacity. They used a setup oriented rule which gives the highest priority to
a job with the shortest setup time. In their study, it was desired to get a lower in

process inventories and shorten scheduled production time.
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Table 3.3 Literature of scheduling researches considering flowshop machine environments

Authors Technique Objective Constraints
Sequence
Corwin and Esogbue Dynamic dependent on one
(1974) Programming Makespan machine of two
machines
flowshop
USkul()l‘?;%)S mith Branch and Bound | Total setup cost Due dates
Gupta and Darrow Approximate
(1986) algorithms Makespan
Srikar and Ghosh Mixed integer Makespan, mean
(1986) linear programming flow time
Symmetrical
Gupta (1986) traveling salesman Makespan Limited storage
problem
Polynomially
Szwar(cl 291r§c71)Gup ta apt;)(;gifnii to Makespan Additive setup
method
Evaluation the
Heuristic sir'nilar'ity of
algorithms with 2 FlefO‘Ell: I Obsi}tllfp Additional
Bianco et al. (1988) lower bounds for P W visiting time
. sequence .
traveling salesman constraints

dependent setups

problem to traveling
salesman problem
Parthasarthy and Simulated Meap weighted
Rajendran (1997) annealin tardiness, total
: 8 tardiness of jobs
Rios-Mercado & Heuristics Makespan

Bard(1998)
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As a result of the study it was concluded that, SIMSET produced statistically largest
number of jobs going out of the shop per week and it gave the best results whether a
weight was given to all criterias or not. This indicated that setup times must play a
critical role in the performance of the machine shop. But they had no explanations
why SIMSET was superior. They could only explain that as the shop was working at
full capacity, it seemed logical that setup times would be an important criterion.
O’Grady and Harrison (1988) investigated the effectiveness of list priority rules.
They proposed a search sequencing rule which sets the priority of a job in each
machine’s queue as a linear combination of the operation times, due dates and the
setup times. They evaluated the performance of their rule against that of the existing
ones using simulation model of a job shop. Gupta et al. (1993) discussed an
integrated simulation based approach to operations planning and scheduling in a
flexible manufacturing system (FMS). Several hypotheses were formulated with

respect to the performance of a number of performance measures such as system

utilization and maximum tardinessZCi/ni,ZZ/ni. Kim and Bobrowski (1994)

examined the implications of setup times by testing different dispatching rules in
environments defined by due date tightness, setup times and cost structure. They
classified and tested these scheduling rules based on whether setup time and/or due
date information were used. They found that an increase in setup time had a minor
effect on the setup oriented rules compared to the effect on only due date oriented
rules. They also stated that setup times must be given explicit consideration in
solving the scheduling problems especially when they are sequence dependent. Also,
they searched for the implications of sequence dependent setups over the capacity
management. Ovacik and Uzsoy (1994) considered the maximum lateness criterion
in a complex job shop with sequence dependent setups. They use deterministic
simulation to predict the arrivals of jobs at each work center and solved the resulting
the sub problems separately. They developed scheduling techniques with myopic
dispatching rules in a job shop environment, semiconductor testing facility and
reentrant flow shop; they found that performance improvements were more
significant for shop configurations with constraint resources and reentrant product
flow. Low (1995) proposed a heuristic algorithm that could also handle some

complex constraints such as multiple machines, multiple resources and alternate
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routes. He evaluated the performance of his algorithms for various criteria using
simulation. The statistical results showed that his algorithm performs better than
algorithms that consider either no setup or sequence independent setups. Kim and
Bobrowski (1997) investigated the impact of setup time variations on sequencing
decisions. In this study setup times were stochastic including the job variations and
simulation was used. The study investigated that; how much variation in setup time
could be tolerated while retaining the benefit of the setup conscious sequencing rules
when compared to conventional sequencing rules and how important it was to
accurately estimate setup time. During the simulation step, experimental design was
used to make a comparison between setup time’s variations, due date tightness and
sequencing rules. Results showed that setup time variation had a negative impact on
shop performance but it didn’t diminish the advantages of setup conscious
sequencing rules over conventional sequencing rules in dealing with setup times. The
most significant impact of the setup time variation was observed in the due dates
performances such as proportion tardy and tardiness. Also, it was observed that, the
difference between setup oriented rule and conventional rules were increased as the

setup time variation increased and as due dates became tighter.

Hershauer (1970) studied the operations of a commercial printing shop in which
certain machines had sequence-dependent setup times and costs. He developed a
linear additive priority function that considered the sequence dependent setup times.
The function gives the high priority to the jobs that would reduce setup time by
adding a certain value to the total priority value. Thus, the setup time was indirectly

considered in this study.

Generally setup times are frequently not available to the production scheduler and
when they are, they frequently are only averages which conceal the sequence
dependency of the setup times. That’s why White and Wilson (1977) developed a
procedure that classifies setup operations and predicts the setup times and then a
method was developed for sequencing the jobs so as to minimize total setup time. A
procedure was developed that uses self recorded total setup times, a setup operation
classification scheme, and a statistical technique of multiple classification analysis to

develop estimation tool for sequence dependent setup times. In other words
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considering the setup characteristics used in prediction equation sequence dependent

setup times were estimated.

Zhou and Egbelu (1989) designed heuristic algorithm to minimize the make span
in a flexible manufacturing cell with multiple jobs, multiple machine stations and
sequence dependent setup times. Their algorithm generates an initial solution and
displays it on a computer graphic interface. Then, this solution is modified
interactively by human expert. Choi and Korkmaz (1997) formulated the problem of
job shop problem with sequence dependent setup times as a mixed integer program
and a simple, polynomial time heuristic procedure was presented to solve it. The
objective of problem was to minimize the time required to complete all jobs. The
procedure was based upon sequentially identifying a pair of operations that provide a
minimum lower bound on the makespan of the associated two job/m machine
problem with release time. At each iteration of heuristic, an operation was chosen
from 2 candidate operations: one with the earliest start time and the other with
minimum local makespan. During the computation of earliest start time and

minimum local makespan, sequence dependent setup times were considered.

There are no reported results in a job shop scheduling with batch processing times
except those of Sotoskov et al. (1998) who developed constructive heuristics for
minimizing several objective functions where batch setup times are sequence

independent.

Xioquing and Noble (1999) investigated a job shop scenario with release times,
due dates and sequence dependent setups. Their objective was to minimize the
weighted sum of squared tardiness. They decomposed the problem into series of
single machine problems and scheduled the machines one at a time in the order of
their criticality. Their criticality of each machine was determined based on its
marginal contribution to the overall objective function. The single machine problems
were solved using Langrangian relaxation and shifting bottleneck approaches. The
modified shifting bottleneck approach to job shop scheduling with sequence
dependent setups was compared with the earliest due date (EDD), apparent tardiness

cost (ATCS) and similar setup (SIMSET) dispatching rules. The MSBSS approach
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resulted in superior solution quality compared to the results of other dispatching rules

in reasonable computational time.

Artigues and Roubellat (2002) presented a new polynomial insertion algorithm of
an operation inside a multi resource job shop schedule with sequence dependent
setup times for the objective of maximum lateness minimization. The proposed
algorithm could be used to deal with unforeseen jobs in online scheduling as well as
a basis tool for off line schedule generation procedures. The setup times were
decomposed into three elementary setup operations: Association operation,
dissociation operation and family changeover operation. Association operation was
needed before the processing of the part on a machine. After the completion of jobs
on machine the resource had to be dissociated if the resource was required by a
consecutive operation. A family changeover operation had to be performed when
switching from family to another one. By this study it was expressed that the
proposed algorithm might be useful at the further studies as a tool for neighborhood
generation scheme in local search procedures as an alternative to classical insertion

algorithms when sequence dependent setup times were considered.

Ballicu, Giua, and Scatzu, (2002) used a MILP for general job shop scheduling
problems with sequence dependent setups and an arbitrary number of machines. Two
cases were handled. First, it was assumed that the setup needed to be performed only
on the machine might start as soon as the machine had completed the precedent
operations. In the second case, it was assumed that the setup could only be performed
if both machine and job were available. The results of MILP approach were
compared with the results of LEKIN software. The objective function was the
minimization of makespan. It was observed that MILP gives significantly better

solutions than heuristic approaches in LEKIN.

Mason, Fowler and Carlyle (2002) presented a modified shifting bottleneck
heuristic, which accommodates the various types of machine/tool group sub
problems, for scheduling of jobs in “complex” job shop which was characterized by
re-entrant product flow through a number of different tool groups. It was developed

considering the performance measure of weighted tardiness which was desired to be
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minimized. During the solution step for each sub problem of each tool group, some
restrictions were considered for batching machines. Therefore, Lee and Pinedo’s
parallel machine ATCS index was adapted to accommodate batch processing tool
groups. In experimental test stage different batching horizons were evaluated with
the proposed SB heuristic to determine if any benefit could be realized from delaying
the formation and subsequent processing of a batch in order to potentially form a
fuller batch. The inclusion of the batching horizon did not lead to a noticeable
increase in solution time. Four different dispatching rules were evaluated along with
the proposed SB heuristic (FIFO, CR, EDD and weighted SPT). It was observed that
when sequence dependent setups were included into the problem instances, the
performance of proposed heuristic improved. When the number of job cases were
increased the difference between performances of the best dispatching rule (WSPT)
and the proposed heuristic increased which indicated that the proposed heuristic

appeared to be a viable approach to scheduling complex job shops.

Lockett and Muhlemann (1971) studied over minimizing the total number of tool
changes in a job shop with sequence dependent setups. Here the changeover of tools
for the next job is dependent not only on the previous job, but also on jobs before it
considering whether the stations were empty. First order serial changeovers were due
to the tool requirements of the previous job, higher order serial changeovers were
due to tool requirements of jobs before the previous jobs because the previous job
didn’t require tools in certain stations. If each job had required a tool in every station,
then the problem would have been of the traveling salesman type. A branch and
bound algorithm was used but it has been shown to be computationally restrictive. So
different heuristic rules are evaluated. The best heuristic was found as the traveling
salesman without backtracking which was derived from the branch and bound
solution. Gupta (1982) studied a static job shop scheduling problem. In this problem,
each job was allowed to have a different route and a different number of operations,
and each machine could be visited by the same job more than once. The objective
was to minimize the total setup cost. He developed a branch and bound procedure. At
the branching step of the algorithm, the partial feasible schedule which had the
minimum lower bound was based on the sum value of accumulated setup cost and

potential minimum setup cost. If there were two or more partial schedules having the
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same lower bound, then the one which had the more number of operations was
selected. It was realized that the proposed algorithm could be used to solve small size
problems. Further, it would provide an insight into the structure of optimal solutions
which might be used to devise good heuristic rules as the heuristic rules were
generally more appropriate to solve larger size scheduling problems. They showed
that there was no single dominating rule that yielded satisfactory results with respect
to all performance measures. However, the local dispatching rules outperformed the
global dispatching rules, which consider information about other machines in the

shop, indicating that benefits of using global rules might not be always applied.

Candido, Khator, and Barcia (1998) presented a robust procedure to solve job
shop scheduling problems with large number of more realistic constraints such as
jobs with several subassembly levels, alternative processing plans for parts and
alternative resources for operations, requirement of multiple resources to process an
operation, resource calendars, batch overlap and sequence dependent setups. Also,
the approach algorithms were used to obtain a set of initial solution. Each initial
solution was enhanced by a local improvement procedure which stopped the search
when a local minimum was reached. Then a hybrid genetic algorithm which
incorporated a local hill climbing procedure was applied to the set of local optimum
schedules. When sequence dependent setup times were present, the overlap time of
operation as the minimum operation completion time can be under or overestimated.
It didn’t guarantee that all optimal solutions will be generated. But it reduced the
number of non-active schedules compared to a strategy which used shortest setup

time in the setup table of successor of the operation.

In Chan and Dae-Sik (2002) presented a mixed integer program model of a job
shop scheduling problem with the alternative operation sequences and sequence
dependent setup constraints simultaneously considered for the purpose of makespan
minimization along with a local search scheme that significantly enhanced many
greedy based dispatching rules. In this study various dispatching rules with and
without the local search scheme were tested to identify the best rule among them and

it was concluded that the local search scheme indeed enhanced the performance of
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the dispatching rules and the earliest start time first (EST) dispatching rule gave the

best overall relative performance.

As it can be realized from the studies described above that, although there are
some studies about the effect of setup and due date information on the performance
of dispatching rules, there is no extensive study that compares the performance of
different classes of scheduling rules, e.g. global rules vs. myopic dispatching rules,
with respect to multiple performance measures in shops with sequence dependent

setup times of various characteristics.

Table 3.4 summarizes the literature of scheduling problems in jobshop machine

environment considering the sequence dependent setups.

Table 3.4 Literature of scheduling researches considering jobshop machine environments

Authors Technique Objective Constraints

Production time,
Simulation | minimization of process
inventories

Production at full
capacity

Prescott and
Wilbrecht (1969)

Performance evaluation of

O’Grady and Simulation the proposed rule
Harrison (1988) considering miscellaneous
objectives
Gupta et al Simulai Maximum tardiness,
(1993) fmuation system utilization
Performance evaluation of
Kim & different dispatching rules
Bobrowski Simulation | considering miscellaneous
(1994) performance measures and
capacity management
Ovacik and . . ' Limited resources
Simulation Maximum lateness reentrant product
Uzsoy (1994)

flow

Low (1995) Simulation | Miscellaneous objectives
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Authors Technique Objective Constraints
Kim and Evaluation the impact of
Bobrowski Simulation setup time variations on | Stochastic setup times
(1997) sequencing decisions
Algorithm based on
Hershauer . e .
linear additive Setup cost, setup times
(1970) . .
priority function
A procedure for
White and s.etl}p time ' ".fo‘Fal s.etup time
) prediction and an minimization and setup
Wilson (1977) . . .
algorithm for time estimation
scheduling
Zhou and . .
Egbelu (1989) Heuristic algorithm Makespan
Choi and Polynomial time
Korkmaz (1997) | heuristic procedure Makespan
Batch processing
Sotoskov et al. .. . times, sequence
(1998) Heuristics Miscellaneous independent batch
setup times
Langrangian
Xioquing and relaxation and Weighted sum of squared Non zero release
Noble (1999) shifting bottleneck tardiness times and due dates
approaches
Artigues and Polynomial . . .
Roubellat (2002) | insertion algorithm Maximum lateness Dynamic scheduling
Ballicu, Giua, . .
and Scatzu, 11:;[1 g;e;d lrr:)teg;; Makespan
(2002) progt
Mason, Fowler . o
and Carlyle M(idlﬁed ;hlft%ng' Weighted tardiness Reentr?lnt product
(2002) bottleneck heuristic ow

Lockett and
Muhlemann
(1971)

Branch and bound ,
heuristic rules

Total number of tool
changes

Gupta (1982)

Branch and bound

Total setup cost

Reflowing is allowed
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Authors Technique Objective Constraints
Local Several subassembly levels,
Candido, improvement alternative processing
Mean .
Khator, and procedure, completion time plans, multiple resources
Barcia (1998) | genetic algorithm, p for a process, resource
hill climbing calendars, batch overlaps
In Chan and Local search

Dae-Sik (2002)

algorithm

Makespan




CHAPTER FOUR
APPLICATION OF PROBLEM
4.1. Introduction

This chapter presents a scheduling problem for a job shop in which more than one
machines are available at each work center in a press department of an oven
company. Different scheduling rules are applied and the results are compared
considering the objective values of work in process, proportion of tardiness, mean
tardiness and flow time measures. The main purpose is to observe the reaction of
each dispatching rules to scheduling process with sequence dependent setup times.
Experimental design is also used to evaluate the effects of factors such as dispatching
rules and amount of setup times over the objective functions stated above and to

determine the interaction effects between these factors.
4.2. The Environment of Implementation
4.2.1. Company Information

TEBA GUNKOL , an oven producing company, was founded in izmir Torbals. It
produces different types of ovens for both the inside market and the foreign
countries. Today it is one of the biggest companies in its sector although it is in a
heavy economic crisis. This study may also help the company to get over its
problems in the areas of increasing productivity and efficiency of the production

planning process.

The factory is composed of 7 departments in production level. The flow of

materials between the departments is shown in Figure 3.

At Giinkol, rolls of sheets usually are bought from well-known industrial
companies. These rolls of sheets are cut and converted into different sizes of plain
sheets as required orders in the roll cutting workshop. Some plain sheets are

distributed to the subcontractors and the remaining sheets are sent to press workshop

53
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for further processes. The reasons, to send some of the sheets to subcontractors, are
to lower the unit price of material by purchasing in large amounts and to reduce the

risk of variation of material quality by making wholesale.

The processes in press workshop are done in two ways; main sheet shaping with
the help of hydraulic process and shaping with eccentric presses which need limited

motion availability.

Welding process may occur by combining the press products with center welding.
Materials which are combined by more than one welding process get into coating
process according to their color alternatives with the endurance to heat and

scratching. In the coating process, first the sheets are hanged to the hooks and after

injected coat dust, materials are coated in 700-800 °C furnaces. Consequently,

surfaces are obtained heat and shock resistance.

At the serigraphy department, the words or symbols are written to painted
indicator panels. At the end, semi-products are sent to Assembly Line Workshop.
These products are distributed to the assembly lines of the workshop according to
their sub-production plans. The final product is formed by combining all the required

items coming from different workshops or subcontractors.
4.2.2. Problem Statement

The press workshop, whose problem motivates this thesis, is one of the seven
departments in the plant. It produces several types of sheets at different shapes and
sizes which are the main parts of the ovens. The press workshop’s objective is to
meet demand of parts subject to constraints on long setup times and alternative

machines availability.
4.2.3. Description of Press Workshop

Press workshop supplies different dimensional and kind of plain sheets as
resources which came from roll cutting workshop, sub-contractors and vendors. See

Figure 4.1. The press workshop is the heart of the plant as the required parts in every
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department are sent from press workshop. That is why; the workload of press

workshop is the heaviest one in the plant.

Vendors
Sub-Contractor
Roll Cutting Workshop " -
Vendors : ub-Contractor
Press Workshop
Sub-Contractor W 1‘21 D th' " Sub-Contractor
elding R ust Painting
Workshop - Workshop
C ‘;. S ‘v N Vendor
oating erigraphy
Workshop Workshop
A 4 A 4
Assembly Line Workshop
Warehouse

Figure 4.1 Giinkol general layout and process flow

To meet the heavy workload, there is more than one for each type of machine at

the press workshop. It can be accepted as a flexible job shop in which alternative

machines are available for the same process. Totally, there are 18 machines located

in six different work centers. The first work center consists of 3 guillotines. The

second work center which consists of 3 eccentric presses. The third and fourth work

centers which consist of 2 semi automatic heavy hydraulic presses and 2 skirt cutting
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machines respectively. The fifth and sixth work centers which consist of 4 hydraulic
machines and 4 bend sets respectively. The machines in each work center have the
same capability in terms of working speed and machine capabilities. So a part can be
processed at any of the available machine in the same period of time in a workshop.

The types, codes and number of machines for each type are summarized at Table 4.1.

Table 4.1 List of machines in press workshop

Machine type Number of Machines Machine Code
Guillotine 3 DG1260
Eccentric Press 3 PE1500

Semi Automatic Heavy

Hydraulic Press : PH3000
Skirt-Cutting Machine 2 DEO0850
Bend Set 4 SD4000
Hydraulic Press 4 PH1500

In press workshop over 1000 types of products are produced. Besides the main
types, there are also subtypes (different versions) of products. Each type of products
has different routes in press workshop and each type of product requires more than
one process which must be accomplished at different work center. The parts of the

same subtype have the same process routes through the press workshop.
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For each type of parts there are different types of moulds. Through its route a part
needs different moulds at each work center for different operations. For the same
subtypes, the same moulds are used for the same processes. Only a small adjustment
is made to adapt the mould for the work on another subtype. For different subtypes,
different moulds are used even for the same operations on the same machines.

Considering the variety of parts there are over 1000 moulds in the press workshop.

The main problem is the long time consumption during changing the moulds.
Because they are over 100 kg and so it is a heavy operation to change a mould.
Approximately it takes almost half an hour to change a mould to process different
type of parts sequentially. But if the same subtypes are processed consecutively, then
the same mould is used. The adjustment on the mould takes only 5 minutes which is

really low compared to change with a new mould.

There is only one mould for an operation of a part type on a machine. That is
why, although there are alternatives for the same type of machines, the same
subtypes cannot be processed at the same time in the same work center. The job
should wait for the end of the other’s finish of its process to get the mould. As a
result, this mould constraint limits the effective use of machines in the same work

center.

In a highly competitive market the usage of time efficiently provides big
advantages to meet the customer demands. Considering this objective, it is clear that
the subtypes should be processed consecutively to reduce the time consumption by
setups. But it is not also enough to consider the problem as only reducing the setups.
Because all orders have tight due dates that must be meet. If only it is desired to
reduce the setup times by processing the same subtypes consecutively, the risk of
going beyond the desired due dates occurs. For instance, a part ,which has an urgent
due date, may not be processed for a long time as subtypes of another part are
processed consecutively although their due dates are less tight. This is a problem
between meeting due dates and reducing setup times. The balance should be
achieved in a way that while the setup times are reduced as much as available, the

due dates should be also met.
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The plant works 8 hours per shift, 3 shifts a day, and 5 days per week. It results

120 hours per week.

4.3. Assumptions

The solution methodology is also based on the following assumptions:

1. The order or the precedence of the operations for each order is fixed and known.

2. Processing times are same for the same operation performed on alternative

machines in a work center.

3. Tool changing times are considered as sequence dependent setup times.

4. Setup times are independent of machines (though sequence dependent), i.e., the set

up times from one specific operation to another are the same on different machines.

5. Parts are produced in batches and the order quantity of a part determines the batch

size of that part.

6. A machine can process at most one part (with only one mold) at a time.

7. There is no machine failure during the scheduling horizon.

8. Preemption of the job strings is not allowed, i.e., once they are started, they should

be processed until completion.

9. All processing times of jobs are stochastic as it is calculated considering the batch

sizes which are created in uniform distribution.

10. Setup times are assumed deterministic.

11. Operators are continuously available for the specified scheduling horizon.

12. Operator transfer times between machines —in relation to job processing times-

are negligible.
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13. All the operators are fully cross-trained workers.

14. The parts that share the same mould have an ability to be processed on the

identical set of machine types with the same amount of operator requirements.

15. A machine of the same type is assumed identical in respect of operation

capabilities and working speed.

16. The input queue capacities at each machine are assumed as infinite.

4.4. Constraints

e There is only one mould for each product type. That’s why although there are
idle machines in a work center, parts which are the same subtypes cannot be
processed at the same time at different machines.

e FEach job has a definite due date that must be met for customer satisfaction.

4.5. The System Modeling and Simulation

As expressed at the aim of this thesis, different simulation models are constituted

for each dispatching rule. ARENA 3 software is used for the creation of models.

Table 4.2 Characteristics of the scheduling rules

DUE DATE SETUP | INFORMATION
Yes No
Yes Policy 4 Policy 2
No Policy 3 Policy 1

The Policies described at Table 4.2 are classified according to whether they

consider setup and due dates in scheduling process. The detailed description of the
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each Policy’s concept and the algorithm of the scheduling process are given at the

following subsections for each rule.

Policy 1: The queuing theory of this policy is based on the shortest processing
time rule. According to this policy the part which has the least processing time is
processed first. This heuristic considers neither the setup requirement nor the job due
date information. It is effective for flow time related performance. The logic of the

model is written below;

1) Create an entity according to the distribution function
2) Assign the required parameters to entity such as,
a) The part type with equal probability
b) The batch size according to its distribution function
c) The enter time into the system
3) According to part type calculate the total process time of part
4) According to the actual simulation time assign the due date
5) Send the part to its first station for processing according to its route
6) At the work center, initially hold the arrival time to the work center
7) For each machine in that work center and its queue pair, investigate whether it is
the only part or not.
a) Ifitis the only part do nothing and go step 8
b) Otherwise update the total workload of that machine- queue pair.
8) Search if there is a part, which is the same subtype, just being processed at any of
the machines in that work center
a) If so, gotostep 11 to enter the queue of that machine
b) Otherwise do nothing and go to step 9
9) Search the entire machine queues in that work center to find a same subtype
waiting for processing.
a) If there is a same subtype in one of machine’s queues, go to step 11 to enter
the queue of that machine
b) Otherwise do nothing and go to step 10
10) Investigate the workload of each machine’s workload in the work center and send

the entity to the queue of the machine with least workload.
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11) Calculate the processing time of entity and update the workload of the machine
12) Enter the queue of the machine and give a priority to the part considering its
process time. The less is the process time, the higher precedence gets the part.

13) When both the operator and the machine are idle, seize the machine for
processing.
14) Check the status of the machine,

a) If it is same with the part type then assign setup time as 5 minutes, assign the
status of machine as the part type and update the total workload of the
machine.

b) Otherwise assign the setup time as 27 minutes and assign the status of the
machine as the part type.

15) Make the setup process.
16) Process the part in machine for the defined period of time.
17) After the completion of process on the part release the operator and machine.
18) Search for the condition of the idleness of machine and the emptiness of queue
a) If so then update the total workload of the machine as zero
b) Otherwise do nothing and go to step 19.

19) Send the machine to the next stop at its route.

Policy 2: The queuing theory of this policy is based on selecting the part with
smallest critical ratio. According to this policy the part which has the least slack and
the most remaining process time has the highest precedence to be processed. While
this heuristic does not consider the setup requirement of jobs, it is effective for the
due date related shop performance measures. The logic of the model is written

below;

1) Create an entity according to the distribution function of inter arrival time.
2) Assign the required parameters to entity such as,

a) The part type with equal probability

b) The batch size according to its distribution function

¢) The enter time into the system

3) According to part type calculate the total process time of part
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4) According to the actual simulation time assign the due date and the remaining
slack.
5) Send the part to its first station for processing according to its route
6) At the work center, initially hold the arrival time to the work center
7) For each machine in that work center and its queue pair, investigate whether it is
the only part or not.
a) Ifitis the only part do nothing and go to step 8
b) Otherwise update the total workload of that machine-queue pair.
8) Search if there is a part, which is the same subtype, just being processed at any of
the machines in that work center
a) If so, gotostep 11 to enter the queue of that machine
b) Otherwise do nothing and go to step 9
9) Search the entire machine queues in that work center to find a same subtype
waiting for processing.
a) If there is a same subtype in one of machine’s queues, go to step 11 to enter
the queue of that machine
b) Otherwise do nothing and go to step 10
10) Investigate the workload of each machine’s workload in the work center and send
the entity to the queue of the machine with least workload.
11) Calculate the processing time of entity and update the workload of the machine
a) If the queue of the machine is empty and the machine is idle then, go to step
12
b) If the queue of the machine is empty but the machine is busy then, just hold
the enter time of part into the queue of machine and go to step 12
c) If the queue is not empty and the machine is busy then, calculate the waiting
time, update the slack value of part, hold the enter time of part into the queue
of machine and finally go to step 12.
12) Calculate the priority value of the part,
a) If slack value is greater than zero calculate the priority by dividing the slack
value with total remaining process time
b) Otherwise calculate the priority by multiplying the slack value with total

remaining process time.
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13) Enter to the queue and sequence in the queue according to its priority. A smaller
priority part has, earlier it is processed.

14) When both the operator and the machine are idle, seize the machine for
processing.

15) Check the status of the machine,

a) If it is same with the part type then assign setup time as 5 minutes, assign the
status of machine as the part type and update the total workload of the
machine.

b) Otherwise assign the setup time as 27 minutes and assign the status of the
machine as the part type.

16) Search the condition of the emptiness of queue
a) If so then update the value of waiting time as 0
b) Otherwise do nothing and go to step 17

17) Make the setup process.

18) Process the part in machine for the defined level of time.

19) After the completion of process on the part release the operator and machine.

20) Search for the condition of the idleness of machine and the emptiness of queue
a) If so then update the total workload of the machine as zero and go to step 21
b) Otherwise do nothing and go to step 21

21) Update the total remaining process time and the slack value

22) Send the machine to the next stop at its route.

Policy 3: The queuing theory of this policy is based on selecting the part which is
the same subtype with the part that is just being processed. If there is not such a part,
then the parts are processed according to first in first out (FIFO) scheduling rule. A
variable called “Line value” is designated to each incoming part which is used to

define the priority of parts in queue. The logic of the model is written below;

1) Create an entity according to the distribution function
2) Assign the required parameters to entity such as,

a) The part type with equal probability

b) The batch size according to its distribution function

¢) The enter time into the system
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3) According to part type calculate the total process time of part

4) According to the actual simulation time assign the due date

5) Send the part to its first station for processing according to its route

6) At the work center, initially hold the arrival time to the work center

7) For each machine in that work center and its queue pair, investigate whether it is
the only part or not.
a) Ifit is the only part do nothing and go step 8
b) Otherwise update the total workload of that machine- queue pair.

8) Search if there is a part, which is the same subtype, just being processed at any of
the machines in that work center
a) If so, gotostep 11 to enter the queue of that machine
b) Otherwise do nothing and go to step 9

9) Search the entire machine queues in that work center to find a same subtype
waiting for processing.
a) If there is a same subtype in one of machine’s queues, go to step 11 to enter

the queue of that machine

b) Otherwise do nothing and go to step 10

10) Investigate the workload of each machine’s workload in the work center and send
the entity to the queue of the machine with least workload after assigning a new
line value to represent only that subtype and go to step12.

11) Assign the predetermined line value of that subtype as new coming part’s line
value which will determine the priority index of that part in machine queue.

12) Calculate the processing time of entity and update the workload of the machine

13) Enter the queue of the machine and sequence the parts according to their line
values from lowest to highest values.

14) When both the operator and the machine are idle, seize the machine for
processing.

15) Check the status of the machine,
a) If it is same with the part type then assign setup time as 5 minutes, assign the

status of machine as the part type and update the total workload of the

machine.
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b) Otherwise assign the setup time as 27 minutes and assign the status of the
machine as the part type.
16) Make the setup process.
17) Process the part in machine for the defined level of time.
18) After the completion of process on the part release the operator and machine.
19) Search for the condition of the idleness of machine and the emptiness of queue
a) If so then update the total workload of the machine as zero
b) Otherwise do nothing and go to step 20.

20) Send the machine to the next stop at its route.

Policy 4: This heuristic considers the setup requirement of jobs. It scans the queue
for a similar subtype that its processing is just finished on the machine. When there is
no identical job, it selects a job with the smallest critical ratio which is the same with
the ratio used in Policy 2. When there are parts which belong to same subtypes, they
are also sequenced consecutively considering their critical ratios between each other.
This heuristic behaves like Policy 2 when there are no same subtypes at the queue;
otherwise it behaves like Policy 3. By this way, this heuristic supplies both the
minimization of setup time and the improvement of due date performance. The logic

of the model is written below;

1) Create an entity according to the distribution function

2) Assign the required parameters to entity such as,
a) The part type with equal probability
b) The batch size according to its distribution function
¢) The enter time into the system

3) According to part type calculate the total process time of part

4) According to the actual simulation time assign the due date and the remaining
slack value

5) Send the part to its first station for processing according to its route

6) At the work center, initially hold the arrival time to the work center

7) For each machine in that work center and its queue pair, investigate whether it is
the only part or not.
a) If it is the only part do nothing and go step 8
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b) Otherwise update the total workload of that machine- queue pair.

8) Search if there is a part, which is the same subtype, just being processed at any of
the machines in that work center

a) If so, gotostep 11 to enter the queue of that machine

b) Otherwise do nothing and go to step 9

9) Search the entire machine queues in that work center to find a same subtype
waiting for processing.

a) If there is a same subtype in one of machine’s queues, go to step 11 to enter
the queue of that machine

b) Otherwise do nothing and go to step 10

10) Investigate the workload of each machine’s workload in the work center and send
the entity to the queue of the machine with least workload
11) Search for the queue and the machine if it is empty and idle respectively.

a) If the queue is empty and the machine is idle, then hold the enter time of part
into the queue, calculate the process time of part in the machine and update
the workload of the machine, increase the value of counter which indicates
the number of parts in machine-queue pair consecutively.

b) If the queue is empty but the machine is not idle, then hold the enter time of
part into the queue, calculate the process time of part in the machine and
update the workload of the machine consecutively.

c) If the queue is not empty, then calculate the additional waiting times of parts
just arrived to queue, update the slack value of new coming part, hold the
enter time of the part into the queue and, update the total workload of
machine consecutively.

12) To determine the priority index of each part in a machine queue follow the
procedure described below,

a) Search the queue if another part which is a member of same subtype exists in
machine queue

1) If so, check the value of slack

1.1) If the slack value of part is smaller than zero, calculate the priority
index by multiplying total process time and slack values and adding the

index value of that subtype which was calculated before.
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1.2) If the slack value of part is equal or bigger than zero, calculate the
priority index by dividing slack with total process time value and adding

the index value of that subtype which was calculated before.

i1) Otherwise, go to step b

b) Check if there is a part just being processed at the machine which belongs to
the same subtype.

1) If so, check the value of slack

1.1) If the slack value is equal or bigger than zero, then designate the
index value of the part’s subtype as a very low value to take the part to
the front of queue and calculate the priority index by dividing slack with

total process time value and adding the index value of that subtype.

1.2) If the slack value is less than zero, then designate the index value of
the part’s subtype as a very low value to take the part to the front of queue
and calculate the priority index by multiplying total process time and

slack values and adding the index value of that subtype

i1) Otherwise, check the value of slack.

ii.1) If the slack value is equal or bigger than zero, then designate the
index value of the part’s subtype by dividing the slack value with the total
process time of the part, and calculate the priority index by dividing slack

with total process time value and adding the index value of that subtype .

i1.2) If the slack value is less than zero, then designate the index value of
part’s subtype by multiplying the total process time and slack values of
the part, and calculate the priority index by multiplying the total process
time and slack values of the part and adding the index vale of that

subtype.

13) Enter the queue of the machine and sequence the parts according to their priority

index values from lowest to highest values.



68

14) When both the operator and the machine are idle, seize the machine for
processing.
15) Check the status of the machine,

a) If it is same with the part type then assign setup time as 5 minutes, assign the
status of machine as the part type and update the total workload of the
machine.

b) Otherwise assign the setup time as 27 minutes and assign the status of the
machine as the part type.

16) Search for the number of parts waiting in queue,
a) If the queue is empty, then designate the value of waiting time as zero
b) Otherwise do nothing, and go to step 17.
17) Make the setup process.
18) Process the part in machine for the defined level of time.
19) After the completion of process on the part release the operator and machine.
20) Search for the condition of the idleness of machine and the emptiness of queue

a) If so then update the total workload of the machine as zero

b) Otherwise do nothing and go to step 21.

21) Update the total process time and slack values of part after it finishes its job in
that work center.

22) Send the machine to the next stop at its route.
4.6. Decomposition of the Problem
4.6.1. Input Analysis

All the input data of the system has been taken from the firm’s historical database
except the interval time of arrivals. Normally, all the production orders are given at
time zero and ready to be realized because the production planning is given to
production department which consists of the three day’s production at the future. So
each part’s production order is given three days before its production time. But to
make a study about the comparison of the performance levels of different scheduling
rules, the parts should be sent through the simulation run continuously. It is not

possible to send entire parts into the simulation model at time zero. The inter arrival
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time are generated from exponential distribution which has a mean of 37 minutes.
This value is chosen to hold the system’s average utilization over 80 percent when
shortest processing time scheduling rule is used. Under lower utilization rates the

comparison of scheduling rules may not give completely accurate results.

Considering 500 historical data of batch sizes, the distribution of batch sizes is
determined as uniform distribution with minimum and maximum values of 200 and

600 respectively. The historical data and the test statistics are given at Appendix A.

Totally 15 types of parts are introduced into the system which have different
routes and processing times. The parts are created with equal probability into the
system. These parts represent the main types of products so none of them are
subtypes of each other. The routes and processing times of each part types are given

at Appendix B.

The processing times are taken from the historical database of the plant. As the
unit processing times are so short and the interference of worker on machines during

processing is so less, that the processing times are determined as deterministic.

The due dates are assigned by the following equation when a job arrives at the

shop. (Kim & Bobrowski, 1994)

Due Date = Next Shift + k x (Total Processing Time+ NOP x AST),

where k£ = a positive real number,
NOP = number of operations in the job which is determined as 4

AST = average set up time

k is chosen as 4,7 to arrange the due dates as tight. This level has been used by

Kim & Bobrowski to have a result of 50% tardy jobs.

Average setup time is determined as 27 minutes which is fifth of the average
processing time. This proportion is adequate to show the difference in performance

of sequencing rules, but not so large to give setup oriented rules too much
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advantage. If the subtypes are processed consecutively then the average setup time is
chosen as 5 minutes which is enough to make the additional adjustments on the

mould without changing it.

4.6.2. Verification and Validation

Model verification ensures that the computer programming and implementation of
the conceptual model are correct. For this purpose different methods are used. In this
thesis there are four different models, each of which represents one of scheduling
rules. So the verification has been done for each individual model independently.
During the verification process trace element is used to observe the movements of a
part through the model. By the help of trace, it is possible to observe that whether a
part moves in a way harmonized to the system logic or not. By the help of trace it
was seem that the parts followed the routing specified, and the correct tools and
process times were used. Specifically, the following events were checked for correct

occurrence:

e Creation of Order

Flow of work part: Creation, choosing the most appropriate machine in a work
center, waiting for machine, seize of machine and operation, truly further movements
in the system between work centers, completion of an order, data collection on

performance measures

e Use of alternate routing

e Priority rule ( queue discipline ) operation

Animation has been used as a second tool for verification process. Sometimes it is
not possible to realize the mistakes by checking the outputs of the model. Animation
provides a visual control over the model which is helpful to see the part’s flow.
Animation also gives the opportunity to see the model’s behavior and situation
during the simulation. For example bottleneck machines can be determined as they

will probably have long queues.
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At the validation phase, each model is tested under different conditions and then
the results of the initial state and the final situation are compared to check if the
models act in a way that they should. For this purpose, Sensitivity Analysis is used
and the parameter is chosen as the arrival time. Initially, the inter arrival time is

chosen as expo (37) then it is increased to expo (38).

Each of the system is run for 20 replications each of which continues 132000
minutes long with a warm up period of 12000 minutes. The performance measures
that will be compared are the flow time, proportion of tardiness and the mean

tardiness. The results are given at tables.

Table 4.3 For inter arrival time with expo (37)

PROPORTION
FLOW TIME OF TARDINESS WI.P
(hour/job) (%) (part/minute)
POLICY 1 24,46 6,07 81,98
POLICY 2 24,38 8,20 43,94
POLICY 3 21,43 5,60 33,34
POLICY 4 17,28 4,10 26,39

Table 4.4 For inter arrival time with expo (38)

PROPORTION
FLOW TIME OF TARDINESS WI.P
(hour/job) (%) (part/minute)
POLICY 1 21,01 4,24 64,42
POLICY 2 22,76 6,45 38,43
POLICY 3 18,28 2,74 27,36
POLICY 4 15,31 2,18 22,45

According to the values at Tables 4.3-4.4, it is obvious that each of the models act
as expected when the inter arrival time of parts is increased. As the parts come more
seldom, the system is in less congestion and this reduces the average flow time of
parts in system. As the flow time is decreased, fewer parts exceed their due dates and

the total number of parts in system decreases.
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The warm up period is determined considering the objective value of flow time.

For each scheduling policy, the models are run for 100000 minutes. The graphs

below show the cumulative values of flow time in simulation run.
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Considering the graphs above the warm up period is chosen as 12000 minutes.

Generally, it is accepted that the average run length should be at least 10 times

greater than the warm up period so the run length of each run is determined as

132000 minutes. (Banks et al, 2000, p 432)
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A reasonable number of replications to use in most situations is 10 and it probably
makes little sense to have more than 20 because improvements in the t-statistic
diminish beyond that point. (Pegden et al, 1990, p 188) That’s why the number of

replications is chosen as 20.

4.6.4. Variance Reduction Techniques

Since the objective was to measure the relative performance of alternative rules, it
was logical to compare them under identical conditions. The use of common random
numbers variance reduction scheme ensured that each job arrived at the same time
and assigned identical set of processing times for all the rules analyzed. This method
gives results with greater statistical precision such as smaller confidence intervals.
The basic idea is that we should compare the alternative configurations “under
similar experimental conditions” so that we can be more confident that any observed
differences in performance are due to differences in the system configurations rather
than to fluctuations of the “experimental conditions” For this purpose SEEDS
Element was used in which different streams are introduced both for the interarrival

time and total processing times of a part.

4.7. Evaluation of Proposed Methods

This chapter presents an evaluation and comparisons of the proposed methods
considering different performance measures. For the purpose of evaluation,
experimental design is used considering two factors with different levels. The factors

are chosen as;

1. Control Approach: The scheduling and controlling methodology is a factor in the
experiment. Four different approaches (levels) were evaluated which are
described at Problem Statement

2. Setup time: Two levels of setup times are defined. The first one is fifth of
average processing time and the other is almost fourth of average processing

time.

The factorial design is summarized by Table 4.5
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Table 4.5 Factorial design of simulation experiments

SETUP TIME

LOW HIGH

CONTROL POLI (27 minutes) (32 minutes)

POLICY 1
POLICY 2
POLICY 3
POLICY 4

4.7.1. Analysis of Experimental Results

A total of 160 experiments were carried out, 20 replications for each of 8
combinations of the factor levels. Each experiment resulted in observations of 4

responses:
1. Average flow time, in hours
2. Average tardiness, in hours
3. Proportion of late jobs in total production
4. Work in process

For all 4 responses, the linear model is;

Xy =u+C+S8,+CS, +¢

m(ij)

where

X ijm for Average flow time, Average tardiness, Proportion of late jobs in total

production, Work in process

1 = Average Response over all the populations

C, = Effect of the control policy (i=1,..,4)
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S, = Effect of setup time (j=1,2)

(S, = Interaction between control policy and setup time

€ijy = Random error for replication m within the cell i,]

The conclusions drawn from the output are presented in the following sub-

sections.
4.7.1.1. Flow Time

With respect to the dependent variable of average flow time, the analysis of

variance is presented below in Table 4.6

Table 4.6 ANOVA with average flow time as dependent variable

Source DF SS MS F P
Policy 3 2795 931,7 21,93 0
Setup 1 801,6 801,6 18,87 0
Interaction 3 286,3 95,4 2,25 0,085
Error 152 6457 42.5
Total 159 10339,8

For the evaluation of interaction effects, F value is calculated fora =0,05. As

F’ =225 <F 0953152 =2,60 , it can be said that the policy and setup don’t
interact in their effects on average flow time. The P-value of this test
isP{F (3,152)>2,25}:0,085. The lack of interaction effects is not statistically
significant as P > « . The plot given in Figure 4.6 also shows the lack of interaction
between main factors. Although the curves are not completely parallel to each other,

they don’t also intersect.
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Interaction Plot - Data Means for flow time
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Figure 4.6 Interaction Plot for flow time performance measure

Since the factors do not interact, the effects of main factors can be calculated. For

the factor of policy the value of F0,95,3,152 is calculated as 2,6. As F*=21,93> 2,6

then it is clear that the Policy factor level means are not equal, or that some definite
effects associated with policy type exist. The P-value of this test is

P{F(2,6) >21,93}:0. As a> P value, it is clear that the main effect of policy

factor is statistically significant for the flow time performance measure. In the same

way the main effects of setup factor is evaluated considering the F value with F*

from ANOVA table. As F*=18,87> F, 5, =3,84 then it is also clear that the

factor of setup time’s level means are not equal, or that some definite effects
associated with setup time factor exist. The P-value of this test

is P{F (3,84) > 18,87}: 0. As a > P value, it is clear that the main effect of setup

factor is statistically significant for the flow time performance measure.

To find the significant differences among the control policies, Tukey test for
multiple pairwise comparisons was carried out. The results of Tukey test is given at
Tables C.1-C.2 in Appendix C. A significance level of 0.05 was used. The results for

flow time measure are shown at Figure 4. 7. Mean values of performance measure
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are shown in parenthesis. A line is drawn, considering the calculated confidence
intervals, under any set of means for which the differences are not statistically

significant ate = 0.05.

The confidence intervals of multiple comparisons between control policies are

obtained as;

=354 < pu, —u, <394 L57 < p, — py £9,06
1,78 < py — 3 £9,26 6,14 <y, —p, <13,63
6,35< py, —u, <13,83 0,82 <y —pu, <831
POLICY 4 POLICY 3 POLICY 2 POLICY 1
(17.99) (22,56) (27.88) (28.08)

Figure 4.7 Multiple pairwise comparison of control policies for flow time

From the multiple comparisons, it can be concluded that Policy 4 has statistically
significantly the lowest flow time. The ordinary rules (policy 1 and policy 2) show
no big differences on flow time performance. Although Policy 3 is significantly
better than ordinary rules it is not as good as Policy 4 as there is a statistically
significance between these two policies. Although Policy 1 is generally good at flow
time measure, here it has a bad performance. Because it doesn’t consider the
sequence dependent setup times so the mean flow times of jobs dramatically
increase. The longer flow times imply a lower throughput rate and lower shop
productivity, which cause a slow delivery of goods to the customers. Also, longer
flow time has an effect on shop utilization and the WIP. Since the parts are held
longer in the system it increases the WIP value. The long flow time is a result of long
setup times which don’t contribute to the productivity. The loss of productivity

causes a lower utilization of machines which must wait for long setup activities.
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The mean values of flow time at different levels of setup time are shown at Table

4.7.

Table 4.7 Flow time measure at different levels of setup factor

POLICY 1 | POLICY 2 | POLICY 3 | POLICY 4
Mean
24,46 24,37 21,44 17,29
(hr/part)
Setup Time
(27 min)
Stand.
4,14 8,81 3,24 2,25
Deviation
Mean
31,71 31,39 23,68 18,69
(hr/part)
Setup Time
(32 min)
Stand.
6,74 12,78 3,7 2,54
Deviation

With customer service a key aspect of shop performance, lower mean flow times

alone are not sufficient to judge the impact of scheduling on this key element. Table

4.7 shows the standard deviations for flow times for each of the sequencing rules.

The ordinary rules (policy 1, policy 2) show greater variation than the setup oriented

rules (policy 3, policy 4) besides having the higher mean performance. The

implication is that the setup oriented rules give greater customer service by

delivering on or about the due date with more accuracy and reliability.

The general results of simulation experiment for flow time objective are shown at

Figure 4.8. It can be seen that, although minimum process time is known to perform

well on flow time measures, it didn’t perform as well as the setup oriented rules

(policy 3, policy 4) because of the longer setup time spent per job. Also the
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sensitivity against the increase in setup time is much more at ordinary sequencing
rules when compared to setup oriented sequencing rules. It is a sign for which
sequencing rules should be used under which situations. In the investigation for flow
time performance measure setup oriented sequencing rules give much better

solutions than the ordinary sequencing rules when the amount of setup time per job

increases.
Osetup 2™ Osetup(dd)
ia]
an
24
-1 \
-
21s _
10 —
5 I
policy 1 policy 2 policy 3 policy 4
Change (hrs) | 7,25 7,02 2,24 1.4
Percent +29,6 % | +28,8% | +10,44 % | +8,09 %

Figure 4.8 Setup time effects over flow time values at different scheduling rules

4.7.1.2. Mean Tardiness

With respect to the dependent variable of average mean tardiness, the analysis of

variance is presented below in Table 4.8.

Table 4.8 ANOVA with mean tardiness as dependent variable

Source DF SS MS F P

Policy 3 287761 95920 63 0

Setup 1 9712 9712 6,38 0,013
Interaction 3 8261 2754 1,81 0,148

Error 152 231414 1522

Total 159 537149
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For the evaluation of interaction effects, F value is calculated fora =0,05. As

F =181 <F 0953152 =2,60 , it can be said that the policy and setup don’t
interact in their effects on mean tardiness. The P-value of this test
is P{F (3,152) > 1,81}: 0,148 . The lack of interaction is not statistically significant

as P> a . The plot given in Figure 4.9 also shows the lack of interaction between

main factors. Although the curves are not parallel, they don’t also intersect.

Interaction Plot - Data Means for tardiness

setup
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Figure 4.9 Interaction plot for mean tardiness performance measure

Since the factors do not interact, the effects of main factors can be calculated. For

the factor of policy the value of F, 0,953,152 1s calculated as 2,6. As F*=63 > 2,6 then
it is clear that the Policy factor level means are not equal, or that some definite
effects associated with policy type exist. The P-value of this test
is P{F (2,6) > 63} =0. As a > P value, it is clear that the main effect of policy factor

is statistically significant for the mean tardiness performance measure. In the same

way the main effects of setup factor is evaluated considering the F value with F*

from ANOVA table. As F*=6,38 > F{ o5, ,5, =3,84 then it is also clear that the

factor of setup time’s level means are not equal, or that some definite effects
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associated with setup time factor exist. The P-value of this test
is P{F (3,84) > 6,38} =0,013. As a > P value, it is clear that the main effect of setup

factor is statistically significant for the mean tardiness performance measure.

To find the significant differences among the control policies, Tukey test for
multiple pairwise comparisons was carried out. The results of Tukey test is given at
Tables C.3-C.4 in Appendix C. A significance level of 0.05 was used. The results for
mean tardiness measure are shown at Figure 4.10. Mean values of performance
measure are shown in parenthesis. A line is drawn, considering the calculated
confidence intervals, under any set of means for which the differences are not

statistically significant atar = 0.05 .

The confidence intervals of multiple comparisons between control policies are

obtained as;

12,17 < g, — pt, <57,00 40,51 < p1, — i, <85,34
75,1< u, — u, <119,93 42,46 < 11, — u, <87,29
77,06 < p1, — 1, <121,89 —20,45< u, — u, <2437
POLICY 4 POLICY 3 POLICY 2 POLICY 1
(16.13) (18,08) (81.01) (115.6)

Figure 4.10 Multiple pairwise comparison of control policies for mean tardiness

From the multiple comparison, it can be concluded that setup oriented sequencing
rules have significantly the lower mean tardiness values than the ordinary sequencing
rules. Although Policy 4 has a better performance than Policy 3, the difference is not
statistically significant. Although Policy 2 considers the due date performance
measure, it has worse tardiness performance than both of the setup oriented

sequencing rules. But it has a statistically significantly better performance than
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Policy 1 which doesn’t consider the due date performance measure. This is not
surprising to see that Policy 1 has the worst performance as it is biased against long
processing time jobs causing long processing time jobs to be extremely late.
Although both Policy 4 and Policy 2 consider the due date, Policy 4 has a statistically
significantly lower mean tardiness because it also considers the sequence dependent
setups. This implies the effect of sequence dependent setup over system
performance. Policy 4 tends to evenly spread tardiness among jobs, resulting in more

jobs to be late but with smaller tardiness.

The mean values of mean tardiness at different levels of setup time are shown at

Table 4.9.

Table 4.9 Mean tardiness measure at different levels of setup factor

POLICY 1 | POLICY 2 | POLICY 3 | POLICY 4
Mean
99,96 66,74 17,23 15,73
(hr/part)
Setup Time
(27 min)
Stand.
30,67 60,08 5,58 7,47
Deviation
Mean
131,25 95,28 18,94 16,52
(hr/part)
Setup Time
(32 min)
Stand.
36,93 78,19 4,57 6,53
Deviation

Table 4.9 gives the standard deviations and mean values for mean tardiness of
each sequencing rules. As Policy 1 doesn’t consider the due date performance

measure it has the worst performance. As Policy 2 takes the due date into account, it
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gives lower mean tardiness values than Policy 1 but it does not consider the sequence
dependent setups. So it causes higher tardiness values than the setup oriented
sequencing rules. The ordinary sequencing rules have greater variations which makes
them less reliable to use in scheduling process. As a result, the setup oriented rules
give greater customer service by delivering on or about the due date with more

accuracy and reliability.

The general results of simulation experiment for mean tardiness objective are
shown at Figure 4.11. It can be seen that, although minimum process time is known
to perform well on flow time measures, it didn’t perform well in respect of the mean
tardiness because of the longer setup time spent per job. Higher setup times resulted
in higher mean tardiness for all sequencing rules as was expected since the
production flow times were lengthened. However, the sensitivity against the increase
in setup time is much more at ordinary sequencing rules when compared to setup
oriented sequencing rules. Setup oriented rules showed a relatively small
deterioration as the setup times got higher, this was due to capability to control flow
time by reducing setup time. It is a sign for which sequencing rules should be used
under which situations. In the investigation for mean tardiness performance measure,
setup oriented sequencing rules give much better solutions than the ordinary

sequencing rules when the amount of setup time per job increases.
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palicy palicy 2 palicy 3 palicy 4

Change (hrs) 31,29 28,54 1,71 0,79
Percent +31,3% | +42,76 % | +9,92% | +5,02 %

Figure 4.11 Setup time effects over mean tardiness values at different scheduling rules
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With respect to the dependent variable of proportion of tardiness, the analysis of

variance is presented below at Table 4.10

Table 4.10 ANOVA with proportion of tardiness as dependent variable

Source DF SS MS F P
Policy 3 593.8 197,9 18,56 0,000
Setup 1 126,2 126,2 11,83 0,001
Interaction 3 36,6 12,2 1,14 0,334
Error 152 1620,7 10,7
Total 159 23773

For the evaluation of interaction effects, F value is calculated fora =0,05. As

F' = 1,14 <F 0953152 =2,60 , it can be said that the policy and setup don’t
interact in their effects on proportion of tardiness. The P-value of this test
18 P{F (3,152) > 1,14}= 0,334 . The lack of interaction is not statistically significant
as P > . The plot given in Figure 4.12 also shows the lack of interaction between

main factors. Although the curves are not parallel, they don’t also intersect.

Interaction Flot - Data Means for proportion
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Figure 4.12 Interaction plot for proportion of tardiness performance measure
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Since the factors do not interact, the effects of main factors can be calculated. For

the factor of policy the value of F0,95,3,152 is calculated as 2,6. As F*=18,56 > 2,6

then it is clear that the Policy factor level means are not equal, or that some definite
effects associated with policy type exist. The P-value of this test
is P{F(2,6) >18,56}=0,000. As a > P value, it is clear that the main effect of

policy factor is statistically significant for the proportion of tardiness performance

measure. In the same way the main effects of setup factor is evaluated considering

the F value with F* from ANOVA table. As F*=11,83 > F{ o5, =3,84 then it is

also clear that the factor of setup time’s level means are not equal, or that some
definite effects associated with setup time factor exist. The P-value of this test

is P{F (3,84) > 1 1,83} =0,001. As a > P value, it is clear that the main effect of setup

factor is statistically significant for the proportion of tardiness performance measure.

To find the significant differences among the control policies, Tukey test for
multiple pairwise comparisons was carried out. The results of Tukey test is given at
Tables C.5-C.6 in Appendix C. A significance level of 0.05 was used. The results for
proportion of tardiness measure are shown at Figure 4.13. Mean values of
performance measure are shown in parenthesis. A line is drawn, considering the
calculated confidence intervals, under any set of means for which the differences are

not statistically significant ata = 0.05 .

The confidence intervals of multiple comparisons between control policies are

obtained as;
4,33 < p, — pu, <-0,62 L67 < p, — gy £5,42
-081 <, —py £2.93 344 <y, —pu, <719

094 <y, —u, <4,7 -0,1< puy —u, £3,64
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POLICY 4 POLICY 3 POLICY 1 POLICY 2
(4.4) (6.17) (7.23) (9.72)

Figure 4.13 Multiple pairwise comparison of control policies for proportion of tardiness

From the multiple comparison, it can be concluded that setup oriented sequencing
rules have significantly the lower proportion of tardiness values than the ordinary
sequencing rules. Although Policy 4 has a better performance than Policy 3, the
difference is not statistically significant. Although Policy 2 considers the due date
performance measure, it has the worst performance. Because it is based on
minimizing the value of tardiness of each jobs but not the total number of delayed
parts. By this sequencing rule, a higher priority is given to part which exceeds it’s
due date so the parts which have time till their due dates wait more in queues which
causes a decrease in their slack values too at the next steps. Policy 1 has a
statistically significantly better performance than Policy 2 although it doesn’t
consider the due date performance measure. As a result, the setup oriented rules give
greater customer service as they cause less number of lateness in delivering the

finished products.

The general results of simulation experiment for proportion of tardiness objective
are shown at Figure 4.14. Higher setup times resulted in higher proportion of
tardiness for all sequencing rules as it was expected since the production flow times
were lengthened. However, the sensitivity against the increase in setup time is much
more at ordinary sequencing rules when compared to setup oriented sequencing
rules. Setup oriented rules showed a relatively small deterioration as the setup times
got higher, this was due to capability to control flow time by reducing setup time. It
is a sign for which sequencing rules should be used under which situations. In the
investigation for proportion of tardiness performance measure, setup oriented
sequencing rules give much better solutions than the ordinary sequencing rules when
the amount of setup time per job increases. Between setup oriented sequencing rules

Policy 4 reacts less than Policy 3 in case of increase of setup time.
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Figure 4.14 Setup time effects over proportion of tardiness values at different scheduling
rules
4.7.1.4. WIP
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With respect to the dependent variable of WIP, the analysis of variance is

presented below at Table 4.11.

Table 4.11 ANOVA with WIP as dependent variable

Source DF SS MS F P
Policy 3 114972 38324 54,38 0,000
Setup 1 6739 6739 9,56 0,002
Interaction 3 4962 1654 2,35 0,075
Error 152 107121 705
Total 159 233794

For the evaluation of interaction effects, F value is calculated forar =0,05. As

*

F =235 <F 0953152 =2,60 , it can be said that the policy and setup don’t

interact in their effects on proportion of tardiness. The P-value of this test

18 P{F (3,152) > 2,35}= 0,075. The lack of interaction is not statistically significant

as P > . The plot given in Figure 4.15 also shows the lack of interaction between

main factors. Although the curves are not parallel, they don’t also intersect.
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Figure 4.15 Interaction plot for WIP performance measure

Since the factors do not interact, the effects of main factors can be calculated. For

the factor of policy the value of F0,95,3,152 is calculated as 2,6. As F*=54,38 > 2,6

then it is clear that the Policy factor level means are not equal, or that some definite
effects associated with policy type exist. The P-value of this test
is P{F(2,6) > 54,38} =0,000. As a> P value, it is clear that the main effect of
policy factor is statistically significant for the WIP performance measure. In the same

way the main effects of setup factor is evaluated considering the F value with F*
from ANOVA table. As F*=9,56 > F{ .5, =3,84 then it is also clear that the
factor of setup time’s level means are not equal, or that some definite effects
associated with setup time factor exist. The P-value of this test
is P{F (3,84) > 9,54} =0,002. As a > P value, it is clear that the main effect of setup

factor is statistically significant for the WIP performance measure.

To find the significant differences among the control policies, Tukey test for
multiple pairwise comparisons was carried out. The results of Tukey test is given at

Tables C.7-C. 8 in Appendix C. A significance level of 0.05 was used. The results
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for proportion of tardiness measure are shown at Figure 4.16. Mean values of
performance measure are shown in parenthesis. A line is drawn, considering the
calculated confidence intervals, under any set of means for which the differences are

not statistically significant ata = 0.05 .

The confidence intervals of multiple comparisons between control policies are

obtained as;

28,45 < y1, — u, < 58,95 2,56 < u, — p15 < 33,06
46,26 < u, — 1, < 76,76 10,18 < p1, — p1, < 40,68
53,89 <y, — y1, < 84,39 ~ 7,62 < py — u, <2287
POLICY 4 POLICY 3 POLICY 2 POLICY 1
(27.35) (34.97) (52.79) (96.49)

Figure 4.16 Multiple pairwise comparison of control policies for WIP

From the multiple comparison, it can be concluded that setup oriented sequencing
rules have significantly the lower proportion of tardiness values than the ordinary
sequencing rules. Policy 2 causes significantly less parts late in system than Policy 1.
Policy 1 has the worst performance since the parts with high process times should
spend much time in system until the parts with smaller process times are processed.
As a result, the setup oriented rules provides a less congestion as there are fewer

parts waiting in system during the production.

The general results of simulation experiment for WIP objective are shown at

Figure 4.17.
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Figure 4.17 Setup time effects over WIP values at different scheduling rules

Higher setup times resulted in higher WIP for all sequencing rules as it was
expected. However, the sensitivity against the increase in setup time is much more at
ordinary sequencing rules when compared to setup oriented sequencing rules. Setup
oriented rules showed a relatively small deterioration as the setup times got higher,
this was due to capability to control flow time by reducing setup time. In the
investigation for WIP performance measure, setup oriented sequencing rules give
much better solutions than the ordinary sequencing rules when the amount of setup
time per job increases. Between setup oriented sequencing rules policy 4 reacts less
than policy 3 in case of increase of setup time. Policy 2 reacts at most due to increase
in setup times because it tries to minimize the lateness of each part. But for the
purpose of minimization of lateness, the total numbers of parts - being late - are
increased dramatically. This causes the parts to spend more time in system which

means that more WIP.

4.7.2. Summary of Statistical Analysis

The results of the main experiment demonstrated that sequence dependent setup
time has a significant impact on shop performance. There was a significant

difference, operationally and statistically, in performance between setup oriented and
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ordinary sequencing rules. The ordinary rules were not able to handle sequence
dependent setup times as effectively as the setup oriented rules. Table 4.12 presents a

summary of the mean value of the performance measures.

Table 4.12: Summary of performance measures

PERFORMANCE POLICY1 |POLICY2 | POLICY 3 | POLICY 4
MEASRUES
Setup time
Flow Time | (27min) 24,46 24,37 21,44 17,29
(hr/part) | Setup time 31,71 31,39 23,68 18,69
(32min) > > > >
Average Sg‘;lfn?;‘;e 99,96 66,74 17,23 15,73
Tardiness Setup time
(he/part) | (somin) 131,25 95,28 18,94 16,52
Proportion | Sctup time 6,07 8,20 5,60 4,1
of (27min) i i i i
Tardiness | Setup time 8.39 11,24 6.74 475
(%) (32min) > > > >
Setup time 81,98 43,94 33,34 26,39
WIP (27min)
(part/min) | Setup time 111,01 61,63 36,61 28.32
(32min) ? ’ ’ ?

It is clear that the most significant impacts of setup time using the ordinary
sequencing rules are seem on average tardiness and WIP performance measures. It is
natural to observe that the amount of tardiness gets bigger when the long setup times
are not taken into consideration. The amount of tardiness has a great effect on
customer satisfaction. This result has very important implications for customer
service. The ordinary rules may not able to provide good customer service in terms

of delivery when setup time is sequence dependent.

As the parts stay in system more as a result of longer flow times, the WIP is also
highly affected by setup times under ordinary sequencing rules. These high rates of
WIP may cause problems in production due to congestions in machines and full

capacity usage.



93

Beyond the bad results of ordinary sequencing rules in case of sequence
dependent setups, the reactions to increase in setup times are also higher in ordinary
sequencing rules than the setup oriented rules. This also proves how well the set up
oriented rules may come over in case of high setup times; because the effect of
increase in setup times is seem less in setup oriented rules. An increase in setup time
causes dramatic increases in all performance measures when ordinary sequencing
rules are used. These results also give an impression about the importance of setup
times over system’s overall performance. That’s why it is obvious that sequence
dependent setup is a critical element which should be taken seriously under

consideration in objective functions during the scheduling activities.



CHAPTER FIVE

CONCLUSION

5.1 Conclusion

The setup operation has for long been considered negligible and hence ignored or
considered as a part of the processing time for the case of setup time. While this
assumption simplifies the analysis and/or reflects certain applications, it adversely
affects the solution quality for many applications which require explicit treatment of
setup. Such applications, coupled with the emergence of production concepts like
time based competition and group technology, have motivated increasing interest to
include setup considerations in scheduling problems. The importance of setup times
has been investigated and it was found that sequence dependent setup times were
significant for the effective management of manufacturing capacity and to reduce

inventory levels and improve customer service.

The studies over sequence dependent setups were mostly focused over single,
parallel machines and then flow shop production environments. Job shop hasn’t been
a popular topic for scheduling studies with sequence dependent setups. It is probably
related with the complex nature of job shops which is not easy to find efficient
algorithms that are capable of finding optimal solutions in a relatively short period of

time.

The subject of this thesis has been inspired from a real problem of an oven
producing plant about scheduling activity with sequence dependent setups in a
flexible job shop. Flexible job shop is an extension of job shops in which alternative
machines are available for the same process. The scheduling problem of a flexible
job shop problem (FJSP) consists of a routing sub problem, that is, assigning each
operation to a machine in a related set and the scheduling sub problem, which
consists of sequencing the assigned operations on each machine in order to obtain a

feasible schedule.

94
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The application of problem has been carried out in the press department of the
oven producing plant. The plant produces several different kinds of ovens. The press
workshop produces the required plain sheets in different shapes and sizes that will be
used in the other departments. The press workshop is the heart of the plant as the
main required parts -plain sheets- to every department are sent from press workshop.

That is why; the workload of press workshop is the heaviest one in the plant.

Totally, there are 18 machines located in six different work centers. To meet the
heavy workload, there is more than one for each type of machine at the press
workshop. The machines in each work center have the same capability in terms of
working speed and machine capabilities. So a part can be processed at any of the
available machine in the same period of time in a work center. Besides the main
product types there are subtypes of some main types which are different in small
details. So they require the same molds for the same processes. But a modification is
also needed to use the same mold for different subtypes. Also, there is only one
mould for an operation of a part type on a machine. That is why, although there are
alternatives for the same type of machines, the subtypes cannot be processed at the
same time in the same work center. The job should wait for the end of the other’s
finish of its process to get the mould. As a result, this mould constraint limits the

effective use of machines in the same work center.

When different types of parts are processed on the same machine a change of
molds are needed which requires a longer setup time. Since many types of parts are
produced in press workshop, setup is a highly time consuming activity. As
mentioned before the main purpose of this thesis was to find an efficient way to
decrease the time spent for setup activity and to evaluate the difference on
performance measures in the situations when the sequence dependent setups were
considered or not. Considering this objective, it was clear that the subtypes should be
processed consecutively to reduce the time consumption by setups. But it was not
also enough to consider the problem as only reducing the setups. Because all orders
had due dates that must be met. If only it was desired to reduce the setup times by
processing the same subtypes consecutively, the risk of going beyond the desired due

dates could occur. For instance, a part ,which had an urgent due date, might not be



96

processed for a long time as subtypes of another part were processed consecutively
although their due dates were less tight. This was a problem between meeting due
dates and reducing setup times. The balance should be achieved in a way that while

the setup times were reduced as much as available, the due dates should be also met.

The NP-hardness of an optimization problem suggested that it wasn’t always
possible to find an optimal solution quickly. Especially, by the increase of problem
size, an enormous computational effort is needed for an optimal solution. So there
should be made a trade off between solution quality and time consumption. As this
study was based on the observation of effects of sequence dependent setup times
over system performances, it was not desired to reach an optimal solution. So,
myopic dispatching rules were used which are ideal for large size problems instead
of comprehensive algorithms which were not much usable for large systems as they
needed high computational times and the high complexity decreased the efficiency of

these algorithms.

For the scheduling problem in job- shop environments under sequence dependent
setups, different methods were used. These methods were described in detail at
Section 3.1.4. From Table 3.4 it was clear that the studies were mostly done by
simulation. Because the studies about job shop scheduling were rare and the existing
ones were based on the initial investigation about the effects of sequence dependent
setups. Not very comprehensive algorithms were proposed in these studies and
simulation was used as a tool to compare the performances of simple dispatching
rules. By this thesis, new algorithms were constituted and compared in respect of
different performance measures. Simulation was chosen as the evaluation tool like as
the past studies did. But in this study, different from the past studies, the algorithms
had the ability to give the final sequenced results of jobs between machines which

could be used in real life for scheduling.

In Section 4.5 the logic and algorithms of dispatching rules were introduced. The
models were created by ARENA software. As simulation was used it was possible to
work over a dynamic manufacturing environment in which the orders came randomly

and the arrival and processing time values were stochastic. In reality, the production
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planning department of the factory gives the exact daily production list of products.
So the system is not actually dynamic. But to compare the performances of
dispatching rules using simulation, it was better to work on dynamic production
environment which gave the chance of longer evaluation with larger volume of

production under unexpected conditions.

Under Section 4.6 the steps of simulation study were introduced. Under Section
4.7 the evaluation of proposed dispatching rules were made considering four
performance measures flow time, tardiness, proportion of tardiness and WIP. Flow
time was chosen as it was a sign of customer satisfaction when considered with WIP.
By Anova Tests the main effects and interaction effects of dispatching rules and the
setup change were investigated. It was relevant to understand the sources of effects
on performance measures. By Tukey Tests it was searched whether the performance
of rules are statistically different and which one was the best or the worst. It was
important to realize if the difference was statistically significant because the practical

difference might be misleading to understand the reality.

The results of the main experiment demonstrated that sequence dependent setup
time had a significant impact on shop performance. There was a significant
difference, operationally and statistically, in performance between setup oriented and
ordinary sequencing rules. The ordinary rules were not able to handle sequence

dependent setup times as effectively as the setup oriented rules.

It was clear that the most significant impacts of setup time using the ordinary
sequencing rules are seem on average tardiness and WIP performance measures. It
was natural to observe that the amount of tardiness got bigger when the long setup
times were not taken into consideration. The amount of tardiness had a great effect
on customer satisfaction so this result had very important implications for customer
service. The ordinary rules might not able to provide good customer service in terms

of delivery when setup time was sequence dependent.

As the parts stayed in system longer as a result of longer flow times, the WIP was

also highly affected by setup times under ordinary sequencing rules. These high rates
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of WIP may cause problems in production due to congestions in machines and full

capacity usage.

Beyond the bad results of ordinary sequencing rules in case of sequence
dependent setups, the reactions to increase in setup times were also higher in
ordinary sequencing rules than the setup oriented rules. This also proved how well
the set up oriented rules might come over in case of high setup times; because the
effect of increase in setup times was seem less in setup oriented rules. An increase in
setup time caused dramatic increases in all performance measures when ordinary
sequencing rules were used. These results also gave an impression about the
importance of setup times over system’s overall performance. That’s why it was
obvious that sequence dependent setup was a critical element which should be taken

seriously under consideration in objective functions during the scheduling activities.

5.2. Further Research

This study focused on the impact of sequence dependent setups in scheduling of
parts in a flexible job shop environment. Different rules were evaluated and the
performances were compared in respect of different response variables. But all of the
proposed dispatching rules were based on objective functions which considered
single response variable which couldn’t be given different importance levels in case
of different situations. In reality, the scheduling process is a combination of many
response variables which may conflict between each other. For example, an increase
in the level of Work-in Process in the shop leads more possibilities to optimize the
job sequence in the shop (longer queues). But increasing WIP may lead to an
increase on flow time cause of congestions at machines. This implies the necessity of
the evaluation and comparison of the importance of response variables between each
other. This diversification can be achieved by assigning a weight to each response
variable. That’s why, further research can be done to constitute a multi objective
function which includes different decision factors multiplied with relative weights.
At different times of production, different response variables may be more crucial
than others. By changing weights in that manner, the scheduling procedure can be re-

arranged according to system’s requirements.
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As the study was based on the comparison of sequencing rules, it was done under
some assumptions to simplify the production environment. But in real life there are
lots of random events which may affect the scheduling process like machine failures,
the availability of operators, the lack of opportunity of working with fully cross
trained operators which may affect the processing and setup times and finite input
queue capacities. Another further research can be done to enhance the dispatching

rules by adding the additional constraints by using the advantage of simulation.
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APPENDIX A : Input Analysis of Batch Sizes

Table A.1: Historical data of batch sizes

258 | 220 | 455 | 286 |377 |597 |244 |426 | 225 |555 |434 | 361

554 | 549 | 518 |597 |237 [222 469 |219 |366 |553 |484 |378

270 | 450 |448 |35 |264 |[310 |525 |404 |550 |592 |521 565

273 | 542 | 275 |39 |218 |359 | 531 326 | 579 | 254 | 384 | 447

444 | 504 | 331 352 442 | 495 |586 |332 |54 289 | 585 |439

418 | 206 | 216 | 265 |333 |520 |327 |574 |399 |35 |546 | 396

532 | 359 | 205 |[480 |570 |504 |393 |[587 |220 | 241 384 | 225

581 229 | 302 | 593 |397 | 451 316 | 245 | 229 |297 |326 | 223

448 | 281 380 | 361 369 | 435 | 411 291 428 | 515 | 375 | 294

214 | 480 | 557 |567 |329 |518 |418 |559 |306 |257 |295 |464

599 | 217 |409 |57 253 | 573 | 557 | 555 |526 |242 |378 |537

547 | 540 | 388 |538 | 361 433 | 464 | 411 419 424 | 565 | 308

375 484 | 218 | 414 | 299 | 578 |495 | 351 303 | 251 535 | 350

505 | 512 | 481 439 | 419 | 531 444 | 377 | 309 |540 |584 | 231

300 448 |217 | 336 | 513 | 501 207 | 310 |438 |345 | 351 294

339 | 420 | 444 388 |390 |378 |582 |534 |400 |326 |446 | 246

434 425 | 510 |548 | 237 | 351 368 | 521 215 | 204 | 563 |473

274 | 461 343 | 449 | 458 | 280 | 256 |487 |289 |379 |207 |27

309 | 316 | 218 | 566 |463 |414 |543 |51 210 | 322 | 410 | 530

464 | 263 | 312 | 541 377 | 287 | 544 240 |412 |423 | 599 | 352

5900 | 333 |246 | 295 |510 [215 |314 |486 |483 |287 |512 |384

252 429 | 223 |462 |596 |315 |362 |552 |343 |3 471 477

439 | 386 | 575 | 493 432 | 285 |532 |525 |292 |203 |273 |475

318 | 357 | 277 | 593 | 268 439 |576 |410 |569 |327 |227 |218

285 | 255 |414 | 440 | 451 206 | 367 | 289 |507 |354 |458 |525

248 | 218 | 385 |504 |403 |443 |488 |378 |576 | 481 317 | 299

435 | 583 |556 |372 |518 389 |269 |408 |393 |212 |227 |324

208 | 217 |460 |455 | 578 |548 | 550 | 268 |496 |517 |559 | 269

472 436 | 355 | 540 |502 | 341 599 | 527 400 | 358 |497 | 388

338 | 324 528 | 237 |270 |368 |423 |239 |298 |390 |378 | 561

495 | 214 392 | 360 |464 |323 |41 440 469 |582 | 276 | 500

587 | 282 |599 |277 |435 |[519 |454 436 |443 | 310 |560 | 583

226 | 465 | 251 227 | 344 | 268 | 246 | 493 |328 | 431 504 | 595

496 | 486 | 258 | 536 329 |305 |395 |327 |536 |497 |272 | 451

564 | 512 | 427 [492 |463 |35 |534 |295 | 201 478 | 367 | 278

381 556 | 483 | 479 |385 |563 480 |445 473 440 | 224 |335

258 | 356 | 293 | 223 | 457 | 215 | 297 |552 |376 |569 |593 | 299

473 | 481 540 | 239 | 375 428 |260 |203 |362 |500 |466 | 269

265 | 337 | 304 |[404 366 |413 |378 |51 499 | 201 341 394

324 | 338 | 430 |408 |417 | 574 |483 |357 |473 |573 |495 |390

366 | 414 | 463 | 418 | 266 | 554 |552 |262 |527 |382 |264 | 511

373 | 536 | 248 | 315 | 252 470 | 245 | 455




Input analysis of Batch Size
Distribution: Uniform
Expression: UNIF(201, 599)
Square Error: 0.000457

Chi Square Test results

Number of intervals = 22

Degrees of freedom =21

Test Statistic =5.03
Corresponding p-value >0.75

Kolmogorov-Smirnov Test results

Test Statistic = 0.0269
Corresponding p-value >0.15

Data Summary

Number of Data Points =500
Min Data Value =200
Max Data Value =600
Sample Mean =402
Sample Std Dev =114
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The square errors are calculated for each distribution and uniform distribution has

the least square error among all.



Table A.2: Square Errors of different distributiors considering the batch size data

Function Sq Error
Uniform 0.000457
Beta 0.00049
Normal 0.00589
Weibull 0.00663
Gamma 0.00821
Erlang 0.00847
Exponential 0.0124
Lognormal 0.0153
Triangular 0.0158
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Figure A: Histogram of uniform distribution



APPENDIX B : Part Types, Routes and Mean Process Times

Table B: Part types, routes and mean process times

Processing Times
Part type Route (minutes/unit)
Station 6 0.3
Station 2 0.28
Part 1 Station 5 0.25
Station 4 0.27
Station 5 0.25
Station 6 0.22
Part 2 Station 1 0.2
Station 2 0.19
Station 5 0.31
Station 2 0.3
Part 3 Station 1 0.29
Station 4 0.26
Station 1 0.27
Station 2 0.24
Part 4 Station 5 0.25
Station 6 0.25
Station 3 0.27
Station 2 0.3
Part 5 Station 6 0.24
Station 5 0.22
Station 1 0.2
Station 2 0.25
Part 6 Station 6 0.26
Station 5 0.25
Station 1 0.29
Station 6 0.24
Part 7 Station 5 0.26
Station 4 0.27
Stationl 0.26
Station 2 0.29
Part 8 Station 3 0.15
Station 6 0.16
Station 4 0.17
Station 3 0.15
Part 9 Station 6 0.16
Station 5 0.15
Station 5 0.14
Station 1 0.18
Part 10 Station 3 0.15
Station 6 0.14
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Station 3 0.15
Station 5 0.16
Part 11 Station 4 0.12
Station 6 0.15
Station 5 0.14
Station 1 0.16
Part 12 Station 2 0.14
Station 6 0.13
Station 3 0.15
Station 6 0.16
Part 13 Station 2 0.15
Station 5 0.1
Station 4 0.1
Station 6 0.09
Part 14 Station 5 017
Station 1 0.14
Station 5 0.17
Station 1 0.16
Part 15 Station 6 0.18
Station 2 0.17
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APPENDIX C: Statistical Analysis of Dispatching Rules for Each Performance

Measure

Table C.1: Tukey test for the evaluation of policies for statistically differenceconsidering flow
time performance measure

Multiple Comparisons
Dependent Variable: FLOWTIME

95%
Mean Confidence Interval
Difference Std. . Lower Upper
-J) Error Sig.

Bound Bound
(1) POLICY (J)POLICY

Tukey 2,00 ,2027 1,4574 ,999 | -3,5413 | 3,9468
HSD 1,00 3,00 5,524* 1,4574 ,001 1,7804 | 9,2686
4,00 10,094 * 1,4574 ,000 6,3502 | 13,8383
1,00 -,2027 1,4574 ,999 | -3,9468 | 3,5413
2,00 3,00 5,3218* 1,4574 ,001 1,5777 | 9,0658
4,00 9,8915* 1,4574 ,000 6,1474 | 13,6356
1,00 -5,5245* | 1,4574 ,001 -9,2686 | -1,7804
3,00 2,00 -5,3218* | 1,4574 ,001 -9,0658 | -1,5777
4,00 4,5697* 1,4574 ,009 ,8257 8,3138
1,00 -10,0942* | 1,4574 ,000 | -13,838 | -6,3502
4,00 2,00 -9,8915* | 1,4574 ,000 | -13,635 | -6,1474

3,00 -4,5697* | 1,4574 ,009 | -8,3138 | -,8257

Based on observed means.
* The mean difference is significant at the ,05 level.

Table C.2: Tukey test for flow time

Subset
N
POLICY 1 2 3
Tukey 4,00 40 17,9945
3,00 40 22,5642
2,00 40 27,8860
1,00 40 28,0888

Means for groups in homogeneous subsets are displayed. Based on Type Il Sum of
Squares The error term is Mean Square(Error) = 42,480. Alpha =,05.
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Table C.3: Tukey test for the evaluation of policies for statistically differenceconsidering
tardiness performance measure

Multiple Comparisons

Dependent Variable: TARDINESS

95% Confidence
Mean Interval
Difference Std.
(1-J) Error Sig. Lower Upper
(DPOLICY (J)POLICY Bound Bound
Tukey | 1,00 2,00 34,5940* | 8,7249 | ,000 12,1795 | 57,0085
HSD 3,00 97,5202* | 8,7249 | ,000 75,1058 | 119,9347
4,00 99,4775* | 8,7249 | ,000 77,0630 | 121,8920
2,00 1,00 -34,5940* | 8,7249 | ,000 | -57,0085 | -12,1795
3,00 62,9263* | 8,7249 | ,000 40,5118 | 85,3407
4,00 64,8835* | 8,7249 | ,000 42,4690 | 87,2980
3,00 1,00 -97,5202* | 8,7249 | ,000 | -119,934 | -75,1058
2,00 -62,9263* | 8,7249 | ,000 | -85,3407 | -40,5118
4,00 1,9572 8,7249 | ,996 | -20,4572 | 24,3717
4,00 1,00 -99,4775* | 8,7249 | ,000 | -121,892 | -77,0630
2,00 -64,8835* | 8,7249 | ,000 | -87,2980 | -42,4690
3,00 -1,9572 8,7249 | 996 | -24,3717 | 20,4572
Based on observed means.
* The mean difference is significant at the ,05 level.
Table C.4: Tukey test for tardiness
Subset
POLICY N ! 2 3
Tukey 4,00 40 16,1315
B 3,00 40 18,0887
2,00 40 81,0150
1,00 40 115,6090

Means for groups in homogeneous subsets are displayed. Based on Type Il Sum of
Squares The error term is Mean Square(Error) = 1522,463. Alpha = ,05.
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Table C.5: Tukey test for the evaluation of policies for statisticaly difference considering
proportion of tardinessperformance measure

Multiple Comparisons
Dependent Variable: PROPORTION OF TARDINESS

95% Confidence
Mean Interval

Difference | Std.

(I-J) Error Sig. Lower Upper

(I) POLICY (J) POLICY Bound Bound

Tukey | 1,00 2,00 -2,4962* | 7302 ,004 -4,3720 | -,6205
HSD 3,00 1,0575 ,7302 ,469 -,8183 2,9333
4,00 2,8243* ,7302 ,001 ,9485 4,7000

2,00 1,00 2,4962* ,7302 ,004 ,6205 4,3720

3,00 3,5538* ,7302 ,000 1,6780 | 5,4295
4,00 5,3205* ,7302 ,000 3,4447 | 7,1963
3,00 1,00 -1,0575 ,7302 ,469 -2,9333 ,8183

2,00 -3,5538* | ,7302 ,000 -5,4295 | -1,6780
4,00 1,7668 ,7302 ,073 -,1090 3,6425
4,00 1,00 -2,8243* | 7302 ,001 -4,7000 | -,9485
2,00 -5,3205* | ,7302 ,000 -7,1963 | -3,4447

3,00 -1,7668 ,7302 ,073 -3,6425 ,1090

Based on observed means.
* The mean difference is significant at the ,05 level.

Table C.6: Tukey test for proportion of tardiness

Subset
N
POLICY 1 2 3
Tukeg 4,00 40 4,4082
3,00 40 6.1750
1,00 40 7.2325
2.00 40 90,7288

Means for groups in homogeneous subsets are displayed. Based on Type Il Sum of
Squares The error term is Mean Square(Error) = 1522,463. Alpha = ,05.
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Table C.7: Tukey test for the evaluation of plicies for statistically differenceconsidering WIP

performance measure

Multiple Comparisons
Dependent Variable: WIP

95% Confidence
Mean Interval
Difference | Std.
(I-1) Error Sig. Lower | Upper
(I) POLICY (J) POLICY Bound Bound
Tukey 1,00 2,00 | 43,7045*% | 5,9361 ,000 28,4545 | 58,9545
HSD 3,00 | 61,5175* | 5,9361 ,000 46,2675 | 76,7675
4,00 | 69,1401* | 5,9361 ,000 53,8901 | 84,3901
2,00 1,00 | -43,7045* | 5,9361 ,000 | -58,9545 | -28,454
3,00 | 17,8130* | 5,9361 ,014 2,5630 | 33,0630
4,00 | 25,4356* | 5,9361 ,000 10,1855 | 40,6856
3,00 1,00 | -61,5175* | 5,9361 ,000 | -76,7675 | -46,267
2,00 | -17,8130* | 5,9361 ,014 | -33,0630 | -2,5630
4,00 7,6225 | 59361 ,573 -7,6275 | 22,8726
4,00 1,00 | -69,1401* | 5,9361 ,000 | -84,3901 | -53,890
2,00 | -25,4356* | 5,9361 ,000 | -40,6856 | -10,185
3,00 -7,6225 | 5,9361 ST73 | -22,8726 | 17,6275
Based on observed means.
* The mean difference is significant at the ,05 level.
Table C.8: Tukey test for WIP
Subset
N
POLICY 1 2 3
Tukey 4,00 40 27,3558
B 3,00 40 34,9784
2,00 40 52,7914
1,00 40 96,4959

Means for groups in homogeneous subsets are displayed. Based on Type Il Sum of
Squares The error term is Mean Square(Error) = 704,744. Alpha = ,05.



APPENDIX D : SIMAN Codes of Policy 1

POLICY 1

57%
588%

CREATE, 1,0:expo(37,seedl);
ASSIGN: part=
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disc(0.066,1,0.132,2,0.198,3,0.204,4,0.270,5,0.336,6,0.402,7,0.468,8,0.534,9,0.6,10,0.666,11,0732,1
2,0.798,13,0.864,14,1,15):

231%

atl
232%

233%

26$

234%

at2

amount=unif(200,600,seed?2):
NS=part:

picture=part:
entersystem=TNOW:
product=type:

type=type+1;

BRANCH,: If,part==1,atl,Yes:
If,part==2,at2,Yes:
If,part==3,at3,Yes:
If,part==4,at4,Yes:
If,part==5,at5,Yes:
If,part==6,at6,Yes:
If,part==7,at7,Yes:
If,part===8,at8,Yes:
If,part==9,at9,Yes:
If,part==10,at10,Yes:
If,part==11,atl1,Yes:
If,part==12,at12,Yes:
If,part==13,at13,Yes:
If,part==14,at14,Yes:
If,part==15,at15,Yes;

ASSIGN: totalprocesstime=amount*(r(part,2)+r(part,5)+r(part,6)+r(part,4));

BRANCH,: If, TNOW>=coefficient*480,233$,Yes:
If, TNOW<coefficient*480,234%,Yes;

ASSIGN: coefficient=coefficient+1:
nextshift=coefficient*480:
duedate=nextshift+4.7*(totalprocesstime+4*27);

ROUTE: 0.0,SEQ;

ASSIGN: nextshift=coefficient*480:
duedate=nextshift+4.7*(totalprocesstime+4*27):NEXT(26%$);

ASSIGN:

totalprocesstime=amount*(r(part,2)+r(part,6)+r(part,1)+r(part,5)):NEXT(2328%);

at3

ASSIGN:

totalprocesstime=amount*(r(part,5)+r(part,2)+r(part,4)+r(part,1)):NEXT(2328);

at4

ASSIGN:

totalprocesstime=amount*(r(part,1)+r(part,2)+r(part,5)+r(part,6)):NEXT(2328$);

at5

ASSIGN:

totalprocesstime=amount*(r(part,2)+r(part,3)+r(part,5)+r(part,6)):NEXT(2329);



ato ASSIGN:
totalprocesstime=amount*(r(part,1)+r(part,2)+r(part,6)+r(part,5)):NEXT(2328$);

at7 ASSIGN:
totalprocesstime=amount*(r(part,1)+r(part,4)+r(part,5)+r(part,6)):NEXT(23283);

at8 ASSIGN:
totalprocesstime=amount*(r(part,2)+r(part,1)+1, ..., , 1(part,6)):NEXT(232%);

at9 ASSIGN:
totalprocesstime=amount*(r(part,4)+r(part,3)+r(part,6)+r(part,5)):NEXT(2328$);

at10 ASSIGN:
totalprocesstime=amount*(r(part,5)+r(part,1)+r(part,3)+r(part,6)):NEXT(232$);

atll ASSIGN:
totalprocesstime=amount*(r(part,5)+r(part,4)+r(part,3)+r(part,6)):NEXT(2328%);

at12 ASSIGN:
totalprocesstime=amount*(r(part,5)+r(part, 1 )+r(part,2)+r(part,6)):NEXT(2328);

atl3 ASSIGN:
totalprocesstime=amount*(r(part,5)+r(part,2)+r(part,3)+r(part,6)):NEXT(2328$);

atl4 ASSIGN:
totalprocesstime=amount*(r(part,5)+r(part, 1 )+r(part,4)+r(part,6)):NEXT(23283);

atl5 ASSIGN:
totalprocesstime=amount*(r(part,5)+r(part, 1 )+r(part,2)+r(part,6)):NEXT(2328%);

24% STATION, sl;
55% ASSIGN: ara=part;
0% BRANCH,: If,aaa==1,275%,Yes:

If,aaa>1,1$%,Yes;

275% ASSIGN: timel1(aaa)=TNOW,

2% BRANCH,: If,aab==1,277%,Yes:
If,aab>1,3$,Yes;

277% ASSIGN: time12(aab)=TNOW;

61% BRANCH,: If,aac==1,276%,Yes:
If,aac>1,62%,Yes;

276% ASSIGN: time13(aac)=TNOW;

4% BRANCH,: If,part==res1,bl,Yes:
If,part==res2,b2,Yes:
If,part==res3,b3,Yes:
If,part<>resl.and.part<>res2.and.part<>res3,5$,Yes;

bl BRANCH,: If,aaa==1,278$,Yes:
If,aaa>1,279%,Yes;

278% ASSIGN: processtime=amount*r(part,1):
topl=topl+processtime+27:

aaa=aaa+l;
10$ QUEUE, ql;
11$ SEIZE, 1:
rl,1:
operationl,1;
13% BRANCH,: If,res1==part,128,Yes:
If,res1<>part,14$,Yes;
12$ ASSIGN: preparation=5:

resl=part:

117
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topl=top1-22;
15% DELAY: processtime;
16$ RELEASE: rl,1;
367% WRITE, fileofres1,"(17x,".....product#:',3x,F5.0,3x,'start:",F7.1)":product, TNOW;:;
329% BRANCH,: If;NQ(q1)==0.and.STATE(r1)==IDLE_RES,3308$,Yes:
If;NQ(ql)<>0.0r.STATE(r1) ” RES,2358,Yes;
330% ASSIGN: aaa=1:
top1=0;
2358 DELAY: preparation;
257% RELEASE: operationl,l;
25% ROUTE: 0.0,SEQ;

14$ ASSIGN: preparation=27:
resl=part: NEXT(158$);

279% ASSIGN: processtime=amount*r(part,1):
topl=topl+processtime+27:NEXT(10$);

b2 BRANCH,: If,aab==1,2808%,Yes:
If,aab>1,2818%,Yes;

280% ASSIGN: processtime=amount*r(part,1):
top2=top2+processtime+27:

aab=aab+1;
17$ QUEUE, q2;
189 SEIZE, 1:
r2,1:
operation2,1;
208 BRANCH,: If,res2==part,19$,Yes:
If,res2<>part,21$,Yes;
193 ASSIGN: preparation=>5:
res2=part:
top2=top2-22;
22% DELAY: processtime;
23% RELEASE: 12,1;

368% WRITE, fileofres2,"(17x,".....product#:',3x,F5.0,3x,'start:',F7.1)":product, TNOW;:;
331% BRANCH,: If;NQ(q2)==0.and.STATE(r2)==IDLE_RES,3328$,Yes:
If;NQ(q2)<>0.0r.STATE(12)==BUSY_RES,2368$,Yes;
332% ASSIGN: aab=1:
top2=0;
236% DELAY: preparation;
258% RELEASE: operation2,1:NEXT(258%);

21% ASSIGN: preparation=27:
res2=part: NEXT(22$);

281% ASSIGN: processtime=amount*r(part,1):
top2=top2+processtime+27:NEXT(17$);

b3 BRANCH,: If,aac==1,282%,Yes:
If,aac>1,283%,Yes;

2828 ASSIGN: processtime=amount*r(part,1):
top3=top3+processtime+27:

aac=aac+l1;
65% QUEUE, q3;
663 SEIZE, 1:
r3,1:

operation3,1;
68% BRANCH,: If,res3==part,673,Yes:



67%

708
718
369%
333%
334%

2378
259%

69$

283%

5%

6%

8%
7%

64$
63$

9%

628

38

18

518
568
278

284%
29$

286$
72$

2858
318

119

If,res3<>part,693,Yes;
ASSIGN: preparation=5:
res3=part:
top3=top3-22;
DELAY: processtime;
RELEASE:  r3,1;
WRITE, fileofres3,"(17x,".....product#:',3x,F5.0,3x,'start:',F7.1)":product, TNOW;:;
BRANCH,: If;NQ(q3)==0.and.STATE(r3)==IDLE_RES,3348$,Yes:
If;NQ(q3)<>0.0r.STATE(r3)==BUSY_RES,2378$,Yes;
ASSIGN: aac=1:
top3=0;
DELAY: preparation;
RELEASE: operation3,1:NEXT(25%);

ASSIGN: preparation=27:
res3=part:NEXT(703);

ASSIGN: processtime=amount*r(part,1):
top3=top3+processtime+27:NEXT(65%);

SEARCH, ql,1,NQ(ql):part==ara;

BRANCH,: If,J>0,b1,Yes:
If,J==0,8%,Yes;

SEARCH, q2,1,NQ(q2):part==ara;

BRANCH,: 1f,J>0,b2,Yes:
If,J==0,64%,Yes;

SEARCH, q3,1,NQ(q3):part==ara;

BRANCH,: 1f,J>0,b3,Yes:
If,J==0,9%,Yes;

BRANCH, l:
If,top1==MN(top1,top2,top3),b1,Yes:
If,top2==MN(top1,top2,top3),b2,Yes:
If,top3==MN(top1,top2,top3),b3,Yes;

ASSIGN: time13(aac)=TNOW:
top3=top3-timel3(aac)+timel3(aac-1):
aac=aact+1:NEXT(4%);

ASSIGN: time12(aab)=TNOW:
top2=top2-time12(aab)+time12(aab-1):
aab=aab+1:NEXT(618$);

ASSIGN: timel1(aaa)=TNOW:
topl=topl-timel I (aaa)+timel 1 (aaa-1):
aaa=aaa+t1:NEXT(2$);

STATION, s2;

ASSIGN: ara=part;

BRANCH,: If,bba==1,2848%,Yes:
If,bba>1,28%,Yes;

ASSIGN: time21(bba)=TNOW,

BRANCH,: If,bbb==1,286$,Yes:
If,bbb>1,308,Yes;

ASSIGN: time22(bbb)=TNOW;

BRANCH,: If,bbc==1,2858%,Yes:
If,bbc>1,73%,Yes;

ASSIGN: time23(bbc)=TNOW,

BRANCH,: If,part==res4,b4,Yes:
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If,part==res5,b5,Yes:
If,part==res6,b6,Yes:
If,part<>tes4.and.part<>res5.and.part<>res6,32$,Yes;
b4 BRANCH,: If,bba==1,287%,Yes:
If,bba>1,288$,Yes;
287% ASSIGN: processtime=amount*r(part,2):
top4=top4+processtime+27:

bba=bba+1;
37$ QUEUE, q4;
38$ SEIZE, I:
r4,1:
operation4,1;
403 BRANCH,: If,resd==part,39$,Yes:
If,resd<>part,41$,Yes;
39% ASSIGN: preparation=>5:
res4=part:
top4=top4-22;
42% DELAY: processtime;
43% RELEASE:  r4,1;

3708 WRITE, fileofres4,"(17x,'.....product#:',3x,F5.0,3x,'start:',F7.1)":product, TNOW;:;
3358 BRANCH, 1:
If;NQ(q4)==0.and.STATE(r4)==IDLE_RES,3368%,Yes:
If;NQ(q4)<>0.0or.STATE(r4)==BUSY_RES,2408$,Yes;
336% ASSIGN: bba=1:
top4=0;
240% DELAY: preparation;
260% RELEASE: operation4,1;
52% ROUTE: 0.0,SEQ;

418 ASSIGN: preparation=27:
resd=part: NEXT(428$);

288% ASSIGN: processtime=amount*r(part,2):
top4=top4+processtime+27:NEXT(379);

b5 BRANCH,: If,bbb==1,2898%,Yes:
If,bbb>1,290%,Yes;

289% ASSIGN: processtime=amount*r(part,2):
topS=topS+processtime+27:

bbb=bbb+1;
448 QUEUE, q5;
458 SEIZE, 1:
r5,1:
operation5,1;
47% BRANCH,: If,res5==part,46$,Yes:
If,res5<>part,488$,Yes;
46% ASSIGN: preparation=5:
res5=part:
top5=top5-22;
49% DELAY: processtime;
50% RELEASE:  15,1;

371% WRITE, fileofres5,"(17x,".....product#:',3x,F5.0,3%, 'start:',F7.1)":product, TNOW;:;
337% BRANCH, 1:
If;NQ(q5)==0.and.STATE(r5)==IDLE_RES,338$,Yes:
If;NQ(q5)<>0.0r.STATE(r5)==BUSY_RES,2398,Yes;
338% ASSIGN: bbb=1:
top5=0;
239% DELAY: preparation;
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261$ RELEASE:  operation5,1:NEXT(52%);

488 ASSIGN: preparation=27:
res5=part: NEXT(49$);

290% ASSIGN: processtime=amount*r(part,2):
top5=top5+processtime+27:NEXT(44%);

b6 BRANCH,: If,bbc==1,2918%,Yes:
If,bbc>1,292%,Yes;

291% ASSIGN: processtime=amount*r(part,2):
top6=top6+processtime+27:

bbc=bbc+1;
763 QUEUE, q6;
77% SEIZE, 1:
r6,1:
operation6,1;
79% BRANCH,: If,res6==part,788%,Yes:
If,res6<>part,808$,Yes;
788% ASSIGN: preparation=5:
res6=part:
top6=top6-22;
81% DELAY: processtime;
82% RELEASE: r6,1;

372% WRITE, fileofres6,"(17x,".....product#:',3x,F5.0,3x,'start:',F7.1)":product, TNOW;:;
3398 BRANCH, 1:
If;NQ(q6)==0.and.STATE(r6)==IDLE_RES,3408$,Yes:
If;NQ(g6)<>0.0r.STATE(r6)==BUSY_RES,2388$,Yes;
340% ASSIGN: bbe=1:
top6=0;
238% DELAY: preparation;
262$ RELEASE:  operation6, |:NEXT(52%);

80% ASSIGN: preparation=27:
res6=part:NEXT(81$);

2928 ASSIGN: processtime=amount*r(part,2):
top6=top6+processtime+27:NEXT(76%);

32% SEARCH, q4,1,NQ(q4):part==ara;

33$ BRANCH,:  IfJ>0,b4,Yes:
If,J==0,35%,Yes;

358 SEARCH, q5,1,NQ(q5):part==ara;

34% BRANCH,: If,J>0,b5,Yes:
If,J==0,75%,Yes;

75$ SEARCH, q6,1,NQ(q6):part==ara;

74% BRANCH,: If,J>0,b6,Yes:
If,J==0,36%,Yes;

36% BRANCH, 1:

If,top4==MN(top5,top4,top6),b4,Yes:
If,top5==MN(top5,top4,top6),b5,Yes:
If,top6==MN(top5,top4,top6),b6,Yes;
73% ASSIGN: time23(bbc)=TNOW:
top6=top6-time23(bbc)+time23(bbe-1):
bbc=bbc+1:NEXT(31%$);

308 ASSIGN: time22(bbb)=TNOW:
topS=top5-time22(bbb)+time22(bbb-1):
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bbb=bbb+1:NEXT(72$);

28% ASSIGN: time21(bba)=TNOW:
top4=top4-time21(bba)+time21(bba-1):
bba=bba+1:NEXT(29%);

103% STATION, s3;

105% ASSIGN: ara=part;

83% BRANCH,: If,gga==1,293%,Yes:
If,gga>1,84%,Yes;

293% ASSIGN: time31(gga)=TNOW,

85% BRANCH,: If,ggb==1,294%,Yes:
If,ggb>1,86%,Yes;

294% ASSIGN: time32(ggb)=TNOW;

87% BRANCH,: If,part==res7,b7,Yes:
If,part==res8,b8,Yes:
If,part<>res7.and.part<>tes8,88%,Yes;

b7 BRANCH,:  If,gga==1,2958,Yes:
If,gga>1,2968,Yes;

295% ASSIGN: processtime=amount*r(part,3):
top7=top7+processtime+27:

gga=ggatl;
93% QUEUE, q7;
94% SEIZE, 1:
r7,1:
operation7,1;
95% BRANCH,: If,;res7==part,245%,Yes:

If,res7<>part,2468$,Yes;
2458 ASSIGN: preparation=5:

res7=part:
top7=top7-22;
96% DELAY: processtime;
97% RELEASE: r7,1;

3738 WRITE, fileofres7,"(17x,".....product#:',3x,F5.0,3x,'start:',F7.1)":product, TNOW;:;
349% BRANCH, l:
If;NQ(q7)==0.and.STATE(r7)==IDLE_RES,3508,Yes:
If;NQ(q7)<>0.0r.STATE(r7)==BUSY_RES,247$,Yes;
3508 ASSIGN: gga=1:
top7=0;
247% DELAY: preparation;
267% RELEASE: operation7,1;
1048 ROUTE: 0.0,SEQ;

246% ASSIGN: preparation=27:
res7=part: NEXT(968$);

296% ASSIGN: processtime=amount*r(part,3):
top7=top7+processtime+27:NEXT(93$);

b8 BRANCH,:  If,ggb==1,297%.,Yes:
If,ggb>1,2988,Yes;

2978 ASSIGN: processtime=amount*r(part,3):
top8=top8+processtime+27:

ggb=ggb+1;
98% QUEUE, qs8;
99$ SEIZE, 1:
r8,1:

operation§,1;
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1008 BRANCH,: If,res8==part,248%,Yes:
If,res8<>part,249$,Yes;
2488% ASSIGN: preparation=5:
res8=part:
top8=top8-22;
101% DELAY: processtime;
1028 RELEASE:  18,1;
374% WRITE, fileofres8,"(17x,".....product#:',3x,F5.0,3x,'start:',F7.1)":product, TNOW;:;
3518 BRANCH, l:
If;NQ(q8)==0.and.STATE(r8)==IDLE_RES,3528,Yes:
If;NQ(g8)<>0.0r.STATE(r8)==BUSY_RES,2508,Yes;
352% ASSIGN: ggb=1:
top8=0;
250% DELAY: preparation;
268% RELEASE: operation8,1:NEXT(10483);

249% ASSIGN: preparation=27:
res8=part: NEXT(1018$);

298% ASSIGN: processtime=amount*r(part,3):
top8=top8+processtime+27:NEXT(98%);

88% SEARCH, q7,1,NQ(q7):part==ara;

89% BRANCH,: If,J>0,b7,Yes:
If,J==0,91%,Yes;

91% SEARCH, q8,1,NQ(q8):part==ara;

90% BRANCH,:  IfJ>0,b8,Yes:
If,J==0,92%,Yes;

92% BRANCH, 1:

If,top7==MN(top7,top8),b7,Yes:
If,top8==MN(top7,top8),b8,Yes;

863 ASSIGN: time32(ggb)=TNOW:
top8=top8-time32(ggb)+time32(ggb-1):
ggb=ggb+1:NEXT(87%);

84% ASSIGN: time31(gga)=TNOW:
top7=top7-time31(gga)+time31(gga-1):
gga=gga+1:NEXT(859%);

130% STATION, s4;

132§ ASSIGN: ara=part;

106% BRANCH,: If,hha==1,299%,Yes:
If,hha>1,107$,Yes;

299% ASSIGN: time41(hha)=TNOW,

108% BRANCH,: If,hhb==1,300%,Yes:
If,hhb>1,1098%, Yes;

3008 ASSIGN: time42(hhb)=TNOW;

110% BRANCH,: If,part==res9,b9,Yes:
If,part==res10,b10,Yes:
If,part<>tes9.and.part<>res10,111$,Yes;

b9 BRANCH,: If,hha==1,301%,Yes:
If,hha>1,302$,Yes;

301$ ASSIGN: processtime=amount*n(part,4):
top9=top9-+processtime+27:
hha=hha+1;

116% QUEUE, q9;

117% SEIZE, 1:
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19,1:
operation9,1;
119% BRANCH,: If,res9==part,118%,Yes:
If,res9<>part, 1208, Yes;
118% ASSIGN: preparation=5:
res9=part:
top9=top9-22;
121% DELAY: processtime;
1228 RELEASE: 9,1,
375% WRITE, fileofres9,"(17x,".....product#:',3x,F5.0,3x,'start:',F7.1)":product, TNOW;:;
3538 BRANCH, l:
If;NQ(q9)==0.and.STATE(19)==IDLE_RES,354$,Yes:
I£;NQ(q9)<>0.0or.STATE(r9)==BUSY RES,2528,Yes;
354% ASSIGN: hha=1:
top9=0;
252% DELAY: preparation;
269% RELEASE: operation9, 1;
1318 ROUTE: 0.0,SEQ;

120% ASSIGN: preparation=27:
res9=part: NEXT(1218$);

302% ASSIGN: processtime=amount*r(part,4):
top9=top9-+processtime+27:NEXT(116$);

b10 BRANCH,: If,hhb==1,3038$,Yes:
If,hhb>1,304%,Yes;
303% ASSIGN: processtime=amount*r(part,4):
top10=top10+processtime+27:
hhb=hhb+1;
123% QUEUE, ql0;
124% SEIZE, 1:
rl10,1:
operationl0,1;
1268 BRANCH,: If,res10==part,1253,Yes:
If,res10<>part,127$,Yes;
1258 ASSIGN: preparation=5:
res10=part:
top10=top10-22;
128% DELAY: processtime;
129% RELEASE:  rl0,1;
376% WRITE, fileofres10,"(17x,'.....product#:' 3x,F5.0,3x,'start:',F7.1)":product, TNOW;:;
3558 BRANCH, 1:
I£;NQ(q10)==0.and.STATE(r10)==IDLE_RES,3568%,Yes:
I£;NQ(q10)<>0.0r.STATE(r10)==BUSY_RES,2518,Yes;
3568 ASSIGN: hhb=1:
top10=0;
2518 DELAY: preparation;
270% RELEASE: operation10,1:NEXT(1318);

1278 ASSIGN: preparation=27:
res10=part: NEXT(1288$);

304% ASSIGN: processtime=amount*r(part,4):
top10=top10-+processtime+27:NEXT(123%);

1118 SEARCH, q9,1,NQ(q9):part==ara;
112% BRANCH,: If,J>0,b9,Yes:
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If,J==0,1148%,Yes;

114% SEARCH, q10,1,NQ(q10):part==ara;

113$ BRANCH,:  IfJ>0,b10,Yes:
If,J==0,115$,Yes;

115$ BRANCH, l:
If,top9==MN(top9,top10),b9,Yes:
If,top10==MN(top9,top10),b10,Yes;

1098 ASSIGN: time42(hhb)=TNOW:
top10=top10-time42(hhb)+time42(hhb-1):
hhb=hhb+1:NEXT(110$);

1078 ASSIGN: time41(hha)=TNOW:
top9=top9-time4 1(hha)+time41(hha-1):
hha=hha+1:NEXT(1088$);

157% STATION, s5;

1598 ASSIGN: ara=part;

133% BRANCH,: If,iia==1,3059%,Yes:
If,iia>1,134%,Yes;

305% ASSIGN: time51(iia)=TNOW;

135% BRANCH,: If,iib==1,3063,Yes:
If,iib>1,136%,Yes;

306% ASSIGN: time52(iib)=TNOW;

160% BRANCH,: If,iic==1,307$,Yes:
If,iic>1,1618,Yes;

307% ASSIGN: time53(iic)=TNOW,

162% BRANCH,: If,iid==1,308$,Yes:
If,iid>1,163$,Yes;

308% ASSIGN: time54(iid=TNOW;

137% BRANCH,: If,part==res11,bl1,Yes:
If,part==res12,b12,Yes:
If,part==res13,b13,Yes:
If,part==res14,b14,Yes:
If,part<>res11.and.part<>res12.and.part<>res13.and.part<>res14,138%,Yes;

bll BRANCH,: If,iia==1,309%,Yes:
If,iia>1,3108,Yes;

309% ASSIGN: processtime=amount*r(part,5):
topl 1=top11+processtime+27:
ilia=iiat+1;

143% QUEUE, qll;

144% SEIZE, 1:
rll,1:
operationl 1,1;

146% BRANCH,: If,res11==part,145$,Yes:
If,;res1 1<>part,147$,Yes;

145% ASSIGN: preparation=5:
resl 1=part:
topl1=top11-22;

148% DELAY: processtime;

149% RELEASE:  rll,1;

377% WRITE, fileofres11,"(17x,".....product#:',3x,F5.0,3x,'start:',F7.1)":product, TNOW;:;

357% BRANCH, 1:
If;NQ(q11)==0.and.STATE(r11)==IDLE_RES,3588%,Yes:
If;NQ(q11)<>0.or.STATE(r11)==BUSY_RES,253$,Yes;

358% ASSIGN: ila=1:
top11=0;

2538 DELAY: preparation;



2718
1588

1478

3108

b12

311%
1508
151%
1538
1528
1558
1568
3788
3598
3608

254%
2728

1548

3128

b13

313%
1688
1698
1718
1708
1738
174%

3798
3638
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RELEASE: operationl1,1;
ROUTE: 0.0,SEQ;

ASSIGN: preparation=27:
res]1=part: NEXT(1488$);

ASSIGN: processtime=amount*r(part,5):
topl1=topl 1+processtime+27:NEXT(143%);

BRANCH,: If,iib==1,3118%,Yes:
If,iib>1,312%,Yes;
ASSIGN: processtime=amount*r(part,5):
top12=top12+processtime+27:
iib=iib+1;
QUEUE, ql2;
SEIZE, 1:
r12,1:
operationl2,1;
BRANCH,: If,res12==part,152$,Yes:
If,res12<>part,1548,Yes;
ASSIGN: preparation=5:
res12=part:
top12=top12-22;
DELAY: processtime;
RELEASE: r12,1;
WRITE, fileofres12,"(17x,'.....product#:',3x,F5.0,3x,'start:",F7.1)":product, TNOW;:;
BRANCH, 1:
If;NQ(q12)==0.and.STATE(r12)==IDLE_RES,3608$,Yes:
If;NQ(q12)<>0.0r.STATE(r12)==BUSY_RES,2548,Yes;
ASSIGN: iib=1:
top12=0;
DELAY: preparation;
RELEASE: operation12,1:NEXT(1588%);

ASSIGN: preparation=27:
res12=part: NEXT(155%);

ASSIGN: processtime=amount*r(part,5):
top12=top12-+processtime+27:NEXT(150%);

BRANCH,: If,iic==1,313%,Yes:
If,iic>1,3148,Yes;

ASSIGN: processtime=amount*r(part,5):
top13=top13+processtime+27:
iic=iict+1;

QUEUE, ql3;

SEIZE, 1:
r13,1:
operationl3,1;

BRANCH,: If,;res13==part,170$,Yes:
If,res13<>part,172$,Yes;

ASSIGN: preparation=5:
res13=part:
top13=top13-22;

DELAY: processtime;

RELEASE: r13,1;

WRITE, fileofres13,"(17x,".....product#:',3x,F5.0,3x,'start:',F7.1)":product, TNOW;:;

BRANCH, 1:
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If,NQ(q13)==0.and.STATE(r13)==IDLE_RES,364$,Yes:
If;NQ(q13)<>0.0r.STATE(r13)==BUSY RES,255$,Yes;
364% ASSIGN: iic=1:
top13=0;
255% DELAY: preparation;
273% RELEASE: operation13,1:NEXT(158$);

1728 ASSIGN: preparation=27:
res13=part: NEXT(173%);

314% ASSIGN: processtime=amount*r(part,5):
top13=top13-+processtime+27:NEXT(168%);

bl4 BRANCH,: If,iid==1,315%,Yes:
If,iid>1,316$,Yes;
3158 ASSIGN: processtime=amount*r(part,5):
topl4=topl4+processtime+27:
iid=iid+1;
175% QUEUE, ql4;
176$ SEIZE, 1:
rl4,1:
operationl4,1;
1788 BRANCH,: If,res14==part,1773%,Yes:
If,res14<>part,179%,Yes;
177% ASSIGN: preparation=5:
res14=part:
topl4=top14-22;
180% DELAY: processtime;
181% RELEASE: rl4,1;
380% WRITE, fileofres14,"(17x,".....product#:',3x,F5.0,3x,'start:",F7.1)":product, TNOW;:;
3618 BRANCH, 1:
If;NQ(q14)==0.and.STATE(r14)==IDLE_RES,3628$,Yes:
I£;NQ(q14)<>0.or.STATE(r14)==BUSY_RES,2568,Yes;
362% ASSIGN: iid=1:
top14=0;
2568 DELAY: preparation;
274% RELEASE: operation14,1:NEXT(158$);

1798 ASSIGN: preparation=27:
resl4=part: NEXT(180$);

3168 ASSIGN: processtime=amount*r(part,5):
topl4=topl4-+processtime+27:NEXT(175%);

1388 SEARCH, ql11,1,NQ(ql1):part==ara;

1398 BRANCH,: If,J>0,b11,Yes:
If,J==0,141%,Yes;

141% SEARCH, q12,1,NQ(q12):part==ara;

1408 BRANCH,:  IfJ>0,b12,Yes:
If,J==0,165$,Yes;

165% SEARCH, q13,1,NQ(q13):part==ara;

164$ BRANCH,:  IfJ>0,b13,Yes:
If,J==0,167$,Yes;

1678 SEARCH, q14,1,NQ(q14):part==ara;

166$ BRANCH,: If,J>0,b14,Yes:
If,J==0,142%,Yes;

142% BRANCH, l:
If,top1 1==MN(top11,top12,top13,top14),b11,Yes:
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If,top12==MN(top11,top12,top13,top14),b12,Yes:
If,top13=—=MN(top11,top12,top13,top14),b13,Yes:
If,top14==MN(top11,top12,top13,top14),b14,Yes;

163% ASSIGN: time54(iid)=TNOW:
topl4=top14-time54(iid)+time54(iid-1):
iid=iid+1:NEXT(137%);

1618 ASSIGN: time53(iic)=TNOW:
top13=top13-time53(iic)+timeS53(iic-1):
iic=iic+1:NEXT(1629%);

1368 ASSIGN:  time52(iib)=TNOW:
top12=top12-time52(iib) +time52(iib-1):
iib=iib+1:NEXT(160$);

134$ ASSIGN: time51(iia)=TNOW:
topl 1=topl1-time51(iia)+time51(iia-1):
ila=iia+1:NEXT(1359%);

2068 STATION, s6;

208% ASSIGN: ara=part;

182% BRANCH,: If kka==1,317$,Yes:

If kka>1,183$,Yes;

317% ASSIGN: time61(kka)=TNOW,

184% BRANCH,: If kkb==1,319%,Yes:
If kkb>1,1858%,Yes;

319% ASSIGN: time62(kkb)=TNOW;

209% BRANCH,:  Ifkkc==1,318%,Yes:
If kkc>1,2108,Yes;

318% ASSIGN: time63(kkc)=TNOW;

211$% BRANCH,: If,kkd==1,3208,Yes:
If kkd>1,212$,Yes;

320% ASSIGN: time64(kkd)=TNOW;

186$ BRANCH,: If,part==res15,b15,Yes:
If,part==res16,b16,Yes:
If,part==res17,b17,Yes:
If,part==res18,b18,Yes:
If,part<>res15.and.part<>res16.and.part<>res17.and.part<>res18,187$,Yes;

bl5 BRANCH,: If kka==1,321%,Yes:
If kka>1,322$,Yes;

3218 ASSIGN: processtime=amount*r(part,6):
top15=top15+processtime+27:
kka=kka+1;

192% QUEUE, qls;

193% SEIZE, 1:
rl5,1:
operationl5,1;

195% BRANCH,: If;res15==part,194$,Yes:
If,res15<>part,196$,Yes;

194$ ASSIGN: preparation=5:
res1S5=part:
topl5=top15-22;

197% DELAY: processtime;

198% RELEASE: rl5,1;

381$ WRITE, fileofres15,"(17x,".....product#:',3x,F5.0,3x,'start:',F7.1)":product, TNOW;:;

341% BRANCH, 1:
If;NQ(q15)==0.and.STATE(r15)==IDLE_RES,3428$,Yes:
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IENQ(q15)<>0.0r.STATE(r15)==BUSY_RES,241§,Yes;
342% ASSIGN: kka=1:
top15=0;
241% DELAY: preparation;
263% RELEASE: operationl5,1;
207% ROUTE: 0.0,SEQ;

1968 ASSIGN: preparation=27:
res15=part: NEXT(197%);

322% ASSIGN: processtime=amount*r(part,6):
top15=top15-+processtime+27:NEXT(192%);

bl6 BRANCH,: If kkb==1,3238$,Yes:
If kkb>1,3248%,Yes;
323% ASSIGN: processtime=amount*r(part,6):
topl6=topl6+processtime+27:
kkb=kkb+1;
1998 QUEUE, qlé;
200% SEIZE, 1:
rl6,1:
operationl6,1;
202% BRANCH,: If,res16==part,201$,Yes:
If,res16<>part,203$,Yes;
201% ASSIGN: preparation=5:
res16=part:
topl6=top16-22;
204% DELAY: processtime;
205% RELEASE: rl6,1;
382% WRITE, fileofres16,"(17x,.....product#:",3x,F5.0,3x,'start:',F7.1)":product, TNOW;:;
3438 BRANCH, 1:
If;NQ(q16)==0.and.STATE(r16)==IDLE_RES,3448, Yes:
I£;NQ(q16)<>0.0r.STATE(r16)==BUSY_RES,2428,Yes;
344% ASSIGN: kkb=1:
top16=0;
242% DELAY: preparation;
264% RELEASE: operation16,1:NEXT(2078$);

203% ASSIGN: preparation=27:
res16=part: NEXT(2048$);

324% ASSIGN: processtime=amount*r(part,6):
topl6=top16-+processtime+27:NEXT(199%);

bl17 BRANCH,: If kkc==1,325%,Yes:
If kkc>1,326%,Yes;

325% ASSIGN: processtime=amount*r(part,6):
top17=top17+processtime+27:
kkce=kkc+1;

217% QUEUE, ql7;

218% SEIZE, 1:
rl7,1:
operationl7,1;

220% BRANCH,: If,res1 7==part,219%,Yes:
If,;res1 7<>part,2218,Yes;

219% ASSIGN: preparation=5:
res17=part:
top17=top17-22;



222%
223%
383%
3458
3468

243%
265%

221%

3268

bl18

327%
224%
225%
227%
2268
229%
230%
3848
347%
3488

2448
2668

228%

328%

1878

188%

1908
189%

214%
213%

216%
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DELAY: processtime;
RELEASE: rl7,1;
WRITE, fileofres17,"(17x,".....product#:",3x,F5.0,3x,'start:',F7.1)":product, TNOW;:;
BRANCH, 1:
If;NQ(q17)==0.and.STATE(r1 7)==IDLE_RES,3468$,Yes:
If;NQ(q17)<>0.0r.STATE(r17)==BUSY_RES,243§,Yes;
ASSIGN: kke=1:
top17=0;
DELAY: preparation;
RELEASE: operationl7,1:NEXT(2078$);

ASSIGN: preparation=27:
resl7=part: NEXT(222%);

ASSIGN: processtime=amount*r(part,6):
top17=topl7+processtime+27:NEXT(217%);

BRANCH,: If kkd==1,327$,Yes:
If kkd>1,328%,Yes;
ASSIGN: processtime=amount*r(part,6):
top18=top18+processtime+27:
kkd=kkd+1;
QUEUE, qls;
SEIZE, 1:
rl8,1:
operationl8,1;
BRANCH,: If,res18==part,226$,Yes:
If,res18<>part,228$,Yes;
ASSIGN: preparation=5:
res18=part:
top18=top18-22;
DELAY: processtime;
RELEASE: rl8,1;
WRITE, fileofres18,"(17x,.....product#:',3x,F5.0,3x,'start:',F7.1)":product, TNOW;:;
BRANCH, 1:
If;NQ(q18)==0.and.STATE(r18)==IDLE_RES,3488$,Yes:
If;NQ(q18)<>0.0r.STATE(r18)==BUSY_RES,2448 Yes;
ASSIGN: kkd=1:
top18=0;
DELAY: preparation;
RELEASE: operation18,1:NEXT(207$);

ASSIGN: preparation=27:
res18=part: NEXT(229%);

ASSIGN: processtime=amount*r(part,6):
top18=top18-+processtime+27:NEXT(224%);

SEARCH, q15,1,NQ(ql5):part==ara;

BRANCH,: If,J>0,b15,Yes:
If,J==0,1908%,Yes;

SEARCH, q16,1,NQ(ql6):part==ara;

BRANCH,: If,J>0,b16,Yes:
If,J==0,214%,Yes;

SEARCH, ql17,1,NQ(ql7):part==ara;

BRANCH,: If,J>0,b17,Yes:
If,J==0,216%,Yes;

SEARCH, q18,1,NQ(q18):part==ara;



215%

1918

2128

210%

185%

1838

538
3658

543

366%

59%

60$

BRANCH,: If,J>0,b18,Yes:
If,J==0,191%,Yes;

BRANCH, 1:
If,top15==MN(top15,top16,top17,top18),b15,Yes:
If,top16==MN(top15,top16,top17,top18),b16,Yes:
If,top17==MN(top15,top16,top17,top18),b17,Yes:
If,top18==MN(top15,top16,top17,topl 8),b18,Yes;

ASSIGN: time64(kkd)=TNOW:
top18=top18-time64(kkd)+time64(kkd-1):
kkd=kkd+1:NEXT(186%);

ASSIGN: time63(kkc)=TNOW:
top17=top17-time63(kkc)+time63 (kke-1):
kkc=kkc+1:NEXT(2118);

ASSIGN: time62(kkb)=TNOW:
topl6=top16-time62(kkb)+time62(kkb-1):
kkb=kkb+1:NEXT(209%);

ASSIGN: time61(kka)=TNOW:
topl5=top15-time61(kka)+time61(kka-1):
kka=kka+1:NEXT(1848%);

STATION, s7;

BRANCH,: If, TNOW<12000,54%,Yes:
If, TNOW>=12000,366%,Yes;

DISPOSE;

ASSIGN: exitsystem=TNOW:
timeinsystem=exitsystem-entersystem:
numberofparts=numberofparts+1:
totaltime=totaltime+timeinsystem:
meancompletiontime=totaltime/numberofparts;

BRANCH,: If, TNOW>duedate,60$, Yes:

If, TNOW<=duedate,54%,Yes;

ASSIGN: tardiness=TNOW-duedate:
totaltardiness=totaltardiness+tardiness:
latejobs=latejobs+1:
meantardiness=totaltardiness/latejobs:NEXT(54%);

ATTRIBUTES: product:

totalprocesstime:
part:
entersystem:
tardiness:
amount:
preparation:
processtime:
timeinsystem:
duedate:
exitsystem:

FILES: fileofres17,"c:\arena3\file(res17).dat",Sequential(),Free Format,Error,No,Close:

fileofres18,"c:\arena3\file(res18).dat",Sequential(),Free Format,Error,No,Close:
fileofres1,"c:\arena3\file(res1).dat",Sequential(),Free Format,Error,No,Close:
fileofres2,"c:\arena3\file(res2).dat",Sequential(),Free Format,Error,No,Close:
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fileofres3,"c:\arena3\file(res3).dat",Sequential(),Free Format,Error,No,Close:

fileofres10,"c:\arena3\file(res10).dat",Sequential(),Free Format,Error,No,Close:

fileofres4,"c:\arena3\file(res4).dat",Sequential(),Free Format,Error,No,Close:

fileofres11,"c:\arena3\file(res11).dat",Sequential(),Free Format,Error,No,Close:

fileofres5,"c:\arena3\file(res5).dat",Sequential(),Free Format,Error,No,Close:

fileofres12,"c:\arena3\file(res12).dat",Sequential(),Free Format,Error,No,Close:

fileofres6,"c:\arena3\file(res6).dat",Sequential(),Free Format,Error,No,Close:

fileofres13,"c:\arena3\file(res13).dat",Sequential(),Free Format,Error,No,Close:

fileofres7,"c:\arena3\file(res7).dat",Sequential(),Free Format,Error,No,Close:

fileofres14,"c:\arena3\file(res14).dat",Sequential(),Free Format,Error,No,Close:

fileofres8,"c:\arena3\file(res8).dat",Sequential(),Free Format,Error,No,Close:

fileofres15,"c:\arena3\file(res15).dat",Sequential(),Free Format,Error,No,Close:

fileofres9,"c:\arena3\file(res9).dat",Sequential(),Free Format,Error,No,Close:

fileofres16,"c:\arena3\file(res16).dat",Sequential(),Free Format,Error,No,Close:

fileofexit,"c:\arena3\file(exit).dat",Sequential(),Free Format,Error,No,Close;

VARIABLES: top3,0:

iid,1:

kkd,1:
time13(4600):
resl7:
top11,0:
top4,0:
coefficient,1:
resl8:
top12,0:
totaltime,0:
meancompletiontime,0:
top5,0:
top13,0:
top6,0:
top14,0:

resl,:
latejobs,0:
nextshift,:
top7,0:
top15,0:

res2,:

top8,0:
top16,0:

res3,:
meantardiness,0:
top9,0:
top17,0:

res4,:

top18,0:
totaltardiness,0:
resS:
numberofparts,0:
reso,:

res10:

res7:
time61(4600):
type,1:

resll:

res8:
time51(4600):
time62(4600):
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res9:

res12:
time41(4600):
time52(4600):
time63(4600):
res13:
time31(4600):
time42(4600),:
time53(4600):
time64(4600):
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r(15,6),0.3,0.28,0.25,0.27,0.25,0.22,0.2,0.19,0.31,0.3,0.29,0.26,0.27,0.24,0.25,0.25,0.27,0.3,0.24,0.22,

0.2,0.25,

0.26,0.25,0.29,0.24,0.26,0.27,0.26,0.29,0.15,0.16,0.17,0.15,0.16,0.15,0.14,0.18,0.15,0.14,0.15,0.16,0.

12,0.15,

0.14,0.16,0.14,0.13,0.15,0.16,0.15,0.1,0.1,0.09,0.17,0.14,0.17,0.16,0.18,0.17,0.32,0.35,0.36,0.38,0.4,0

.35,0.36,

0.38,0.35,0.37,0.33,0.31,0.35,0.32,0.35,0.35,0.33,0.34,0.36,0.35,0.34,0.35,0.33,0.37,0.39,0.34,0.36,0.

3,0.34,0.

SEEDS:

QUEUES:

3:

ara,0:

aaa,l:

bba,1:

hha,1:

iia,1:

kka,1:

gga,l:
time21(4600):
resl4:
time32(4600):
time54(4600):
top1,0:

aab,1:

bbb, 1:

hhb,1:

iib,1:

kkb,1:

ggb,1:
time11(4600),:
time22(4600):
resl5:

top2,0:

aac,l:

bbe,1:

iic,1:

kke,1:
time12(4600):
time23(4600):
resl6:
top10,0;

seed1,30000,Common:
seed2,40000,Common;

q15,LVF(processtime):
ql6,LVF(processtime):
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ql,LVF(processtime):
ql7,LVF(processtime):
q2,LVF(processtime):
q18,LVF(processtime):
q3,LVF(processtime):
q4,LVF(processtime):
q5,LVF(processtime):
q6,LVF(processtime):
q7,LVF(processtime):
g8,LVF(processtime):
q9,LVF(processtime):
ql10,LVF(processtime):
ql I,LLVF(processtime):
ql12,LVF(processtime):
q13,LVF(processtime):
ql4,LVF(processtime);

RESOURCES: rl4,Capacity(l,),-,Stationary:
operation10,Capacity(1,),-,Stationary:
operation6,Capacity(1,),-,Stationary:
r1,Capacity(1,),-,Stationary:
r15,Capacity(1,),-,Stationary:
operationl 1,Capacity(1,),-,Stationary:
operation7,Capacity(1,),-,Stationary:
r2,Capacity(1,),-,Stationary:
r16,Capacity(1,),-,Stationary:
operationl12,Capacity(1,),-,Stationary:
operation8,Capacity(1,),-,Stationary:
13,Capacity(1,),-,Stationary:
r17,Capacity(1,),-,Stationary:
operation13,Capacity(l,),-,Stationary:
operation9,Capacity(1,),-,Stationary:
r4,Capacity(1,),-,Stationary:
r18,Capacity(1,),-,Stationary:
operation14,Capacity(1,),-,Stationary:
operationl5,Capacity(1,),-,Stationary:
15,Capacity(1,),-,Stationary:
operationl6,Capacity(1,),-,Stationary:
16,Capacity(1,),-,Stationary:
operationl7,Capacity(1,),-,Stationary:
1r7,Capacity(1,),-,Stationary:
operationl8,Capacity(1,),-,Stationary:
r8,Capacity(1,),-,Stationary:
r9,Capacity(1,),-,Stationary:
operationl,Capacity(1,),-,Stationary:
operation2,Capacity(1,),-,Stationary:
r10,Capacity(1,),-,Stationary:
operation3,Capacity(1,),-,Stationary:
r11,Capacity(1,),-,Stationary:
operation4,Capacity(1,),-,Stationary:
r12,Capacity(1,),-,Stationary:
r13,Capacity(1,),-,Stationary:
operation5,Capacity(1,),-,Stationary;

STATIONS: sl:
s2:
s3:
s4:
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s5:
s6:
s7;

SEQUENCES: 1,seql,s6&s2&s5&s4&s7:
2,seq2,55&56&s1&s2&s7:
3,seq3,55&s2&s4&s1&s7:
4,seq4,s1&s2&s5&s6&s7:
5,seq5,s3&s2&s6&s5&s7:
6,seq6,51 &s2&s6&s5&s7:
7,seq7,51 &s6&s5&s4&s7:
8,5eq8,s1 &s2&s3&s6&s7:
9,5¢q9,54&s3&s6&s5&s7:
10,seq10,55&s1&s3&s6&s7:
11,seql1,s3&s5&s4&s6&s7:
12,seq12,55&s1&s2&s6&s7:
13,seq13,53&s6&s2&s5&s7:
14,seql4,54&s6&s5&s1&s7:
15,seql15,55&s1&s6&s2&s7,;

DSTATS: nq(q3):
nq(ql8):
nr(rl6):
nr(rdS):
nq(q2):
nq(q17):
nr(r4):
nr(rl5):
nq(ql):
nq(q16):
nr(r3):
nr(rl4):
nq(ql5):
nr(r2):
nr(rl3):
nq(ql4):
nr(rl):
nr(rl2):
nq(q13):
nr(rl1):
nq(q12):
nr(r10):
nq(qll):
nq(q10):
nq(q9):
nq(q8):
nq(q7):
nr(r9):
nq(q6):
nr(r8):
nr(rl8):
nq(q5):
nr(r7):
nq(q4):
nr(rl7):
nr(r6);

REPLICATE, 20,0.0,132000,Yes,Yes,12000;
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