Copyrighted material – 978–1–137–32802–1

© Stewart Robinson 2014
All rights reserved. No reproduction, copy or transmission of this publication
may be made without written permission.
No portion of this publication may be reproduced, copied or transmitted save
with written permission or in accordance with the provisions of the Copyright,
Designs and Patents Act 1988, or under the terms of any licence permitting
limited copying issued by the Copyright Licensing Agency, Saffron House,
6–10 Kirby Street, London EC1N 8TS.
Any person who does any unauthorized act in relation to this publication may be
liable to criminal prosecution and civil claims for damages.
The author has asserted his right to be identiﬁed as the author of this work in
accordance with the Copyright, Designs and Patents Act 1988.
First published 2014 by
PALGRAVE MACMILLAN
Palgrave Macmillan in the UK is an imprint of Macmillan Publishers Limited,
registered in England, company number 785998, of Houndmills, Basingstoke,
Hampshire RG21 6XS.
Palgrave Macmillan in the US is a division of St Martin’s Press LLC, 175 Fifth
Avenue, New York, NY 10010.
Palgrave Macmillan is the global academic imprint of the above companies and
has companies and representatives throughout the world.
Palgrave® and Macmillan® are registered trademarks in the United States, the
United Kingdom, Europe and other countries
ISBN 978–1–137–32802–1
This book is printed on paper suitable for recycling and made from fully managed
and sustained forest sources. Logging, pulping and manufacturing processes are
expected to conform to the environmental regulations of the country of origin.
A catalogue record for this book is available from the British Library.
A catalog record for this book is available from the Library of Congress.
Typeset by MPS Limited, Chennai, India.

Copyrighted material – 978–1–137–32802–1

Copyrighted material – 978–1–137–32802–1

Contents
List of Figures

xiv

List of Tables

xvii
xx

Preface
1 Defining Simulation: What, Why and When?
1.1 Introduction
1.2 What is Simulation?
1.2.1 Defining Simulation
1.2.2 Simulation Methods
1.3 Why Simulate?
1.3.1 The Nature of Operations Systems: Variability,
Interconnectedness and Complexity
1.3.2 The Advantages of Simulation
1.3.3 The Disadvantages of Simulation
1.4 When to Simulate
1.5 Conclusion
Exercises
Notes
References
2 Inside Simulation Software
2.1 Introduction
2.2 Modelling the Progress of Time
2.2.1 The Time-Slicing Approach
2.2.2 The Discrete-Event Simulation Approach
(Three-Phase Method)
2.2.3 The Discrete-Event Simulation Approach
(Other Methods)
2.2.4 The Continuous Simulation Approach
2.2.5 Summary: Modelling the Progress of Time
2.3 Modelling Variability
2.3.1 Modelling Unpredictable Variability
2.3.2 Random Numbers
2.3.3 Relating Random Numbers to Variability in a Simulation
2.3.4 Modelling Variability in Times and Other
Continuous Variables

1
1
2
2
5
9
9
13
16
16
17
17
18
18
21
21
22
22
24
34
35
36
36
36
37
38
39
VII

Copyrighted material – 978–1–137–32802–1

Copyrighted material – 978–1–137–32802–1
VIII

CONTENTS

2.3.5 Sampling from Standard Statistical Distributions
2.3.6 Computer Generated Random Numbers
2.3.7 Modelling Predictable Variability
2.3.8 Summary on Modelling Variability
2.4 Summary
Exercises
References

41
42
44
44
44
45
47

3 Software for Simulation
3.1 Introduction
3.2 Visual Interactive Simulation (VIS)
3.3 Simulation Software
3.3.1 Spreadsheets
3.3.2 Programming Languages
3.3.3 Specialist Simulation Software
3.3.4 Comparing Spreadsheets, Programming Languages
and Specialist Simulation Software
3.4 Selection of Simulation Software
3.4.1 The Process of Software Selection
3.4.2 Step 1: Establish the Modelling Requirements
3.4.3 Step 2: Survey and Short-List the Software
3.4.4 Step 3: Establish Evaluation Criteria
3.4.5 Step 4: Evaluate the Software in Relation to
the Criteria
3.4.6 Step 5: Software Selection
3.5 Summary
References

48
48
49
52
52
52
53

4 Simulation Studies: An Overview
4.1 Introduction
4.2 Simulation Studies: An Overview of Key Modelling Activities
4.2.1 Conceptual Modelling
4.2.2 Model Coding
4.2.3 Experimentation
4.2.4 Implementation
4.3 Simulation Modelling is Not Linear
4.4 Something is Missing!
4.5 Simulation Project Time-scales
4.6 The Simulation Project Team
4.7 Hardware and Software Requirements
4.8 Project Costs
4.9 Project Selection
4.10 Summary
References

64
64
64
65
65
66
67
68
69
69
71
72
73
74
75
75

Copyrighted material – 978–1–137–32802–1

54
55
56
57
57
57
59
60
61
61

Copyrighted material – 978–1–137–32802–1
CONTENTS

IX

5 Conceptual Modelling
5.1 Introduction
5.2 Conceptual Modelling Example: Simulating
an Outpatients Clinic
5.3 What is Conceptual Modelling?
5.3.1 Definition of a Conceptual Model
5.3.2 Artefacts of Conceptual Modelling
5.4 Requirements of a Conceptual Model: Choosing what
to Model
5.5 Levels of Abstraction
5.6 Communicating the Conceptual Model
5.6.1 Simulation Project Specification
5.6.2 Representing the Conceptual Model
5.7 Summary
Exercise
Notes
References
Note

77
77

6 Developing the Conceptual Model
6.1 Introduction
6.2 A Framework for Conceptual Modelling
6.2.1 Developing an Understanding of the
Problem Situation
6.2.2 Determining the Modelling and General
Project Objectives
6.2.3 Designing the Conceptual Model: Identifying the
Model Outputs and Inputs
6.2.4 Designing the Conceptual Model: Determining the
Model Content
6.2.5 The Role of Data in Conceptual Modelling
6.2.6 Summary of the Conceptual Modelling
Framework
6.3 Methods of Model Simplification
6.3.1 Aggregation of Model Components
6.3.2 Excluding Components and Details
6.3.3 Replacing Components with Random Variables
6.3.4 Excluding Infrequent Events
6.3.5 Reducing the Rule Set
6.3.6 Splitting Models
6.3.7 What is a Good Simplification?
6.4 Summary
Exercises
References

96
96
97

Copyrighted material – 978–1–137–32802–1

78
81
81
82
84
86
87
87
89
92
93
93
93
95

98
100
102
105
108
109
109
110
111
112
112
113
113
114
115
115
117

Copyrighted material – 978–1–137–32802–1
X

CONTENTS

7 Data
7.1
7.2
7.3

Collection and Analysis
Introduction
Data Requirements
Obtaining Data
7.3.1 Dealing with Unobtainable (Category C) Data
7.3.2 Data Accuracy
7.3.3 Data Format
7.4 Representing Unpredictable Variability
7.4.1 Traces
7.4.2 Empirical Distributions
7.4.3 Statistical Distributions
7.4.4 Traces versus Empirical Distributions versus
Statistical Distributions
7.4.5 Bootstrapping
7.4.6 Further Issues in Representing Unpredictable
Variability: Correlation and Non-Stationary Data
7.5 Selecting Statistical Distributions
7.5.1 Selecting Distributions from Known Properties
of the Process
7.5.2 Fitting Statistical Distributions to Empirical Data
7.6 Summary
Exercises
Note
References

119
119
120
121
122
124
124
125
125
126
127
134
137
138
139
139
140
149
149
152
152

8 Model Coding
8.1 Introduction
8.2 Designing the Model
8.3 Coding the Model
8.3.1 Separate the Data from the Code from the Results
8.3.2 Use of Pseudo Random Number Streams
8.4 Documenting the Model and the Simulation Project
8.5 Summary
Exercises
References

154
154
155
156
157
158
161
163
163
164

9 Experimentation: Obtaining Accurate Results
9.1 Introduction
9.2 Simulation Output Analysis: The Problem
9.3 The Nature of Simulation Models and Simulation Output
9.3.1 Terminating and Non-Terminating Simulations
9.3.2 Transient Output
9.3.3 Steady-State Output
9.3.4 Other Types of Output
9.3.5 Determining the Nature of the Simulation Output

166
166
167
168
168
168
169
171
172

Copyrighted material – 978–1–137–32802–1

Copyrighted material – 978–1–137–32802–1
CONTENTS

9.4

Issues in Obtaining Accurate Simulation Results
9.4.1 Initialisation Bias: Warm-up and Initial
Conditions
9.4.2 Obtaining Sufficient Output Data: Long Runs and
Multiple Replications
9.5 An Example Model: Computer User Help Desk
9.6 Dealing with Initialisation Bias: Warm-up and Initial
Conditions
9.6.1 Determining the Warm-up Period
9.6.2 Setting Initial Conditions
9.6.3 Mixed Initial Conditions and Warm-up
9.6.4 Initial Conditions versus Warm-up
9.7 Selecting the Number of Replication and Run-Length
9.7.1 Performing Multiple Replications
9.7.2 Variance Reduction (Antithetic Variates)
9.7.3 Performing a Single Long Run
9.7.4 Multiple Replications versus Long Runs
9.8 Summary
Exercises
Notes
References
10 Experimentation: Searching the Solution Space
10.1 Introduction
10.2 The Nature of Simulation Experimentation
10.2.1 Interactive and Batch Experimentation
10.2.2 Comparing Alternatives and
Search Experimentation
10.3 Reporting Results from a Single Scenario
10.3.1 Point Estimates
10.3.2 Measures of Variability
10.4 Comparing Alternatives
10.4.1 Comparison of Two Scenarios
10.4.2 Comparison of Many Scenarios
10.4.3 Choosing the Best Scenario(s)
10.5 Search Experimentation
10.5.1 Informal Approaches to Search Experimentation
10.5.2 Experimental Design
10.5.3 Metamodelling
10.5.4 Optimisation (‘Searchisation’)
10.6 Sensitivity Analysis
10.7 Summary
Exercises
Notes
References

Copyrighted material – 978–1–137–32802–1

XI

172
173
173
174
175
175
180
181
181
182
182
188
190
193
194
195
198
198
200
200
202
202
203
204
204
209
213
213
217
219
220
221
224
228
230
232
233
234
237
237

Copyrighted material – 978–1–137–32802–1
XII

CONTENTS

11 Implementation
11.1 Introduction
11.2 What is Implementation?
11.2.1 Implementing the Findings
11.2.2 Implementing the Model
11.2.3 Implementation as Learning
11.3 Implementation and Simulation Project Success
11.3.1 What is Simulation Project Success?
11.3.2 How is Success Achieved?
11.3.3 How is Success Measured?
11.4 Summary
References

241
241
241
242
243
243
244
244
245
247
248
248

12 Verification, Validation and Confidence
12.1 Introduction
12.2 What are Verification and Validation?
12.3 The Difficulties of Verification and Validation
12.3.1 There is No Such Thing as General Validity
12.3.2 There may be No Real World to Compare Against
12.3.3 Often the Real World Data are Inaccurate
12.3.4 Which Real World?
12.3.5 There is Not Enough Time to Verify and Validate
Everything
12.3.6 It is Impossible to Prove that a Model is Valid:
Confidence not Validity
12.4 Methods of Verification and Validation
12.4.1 Conceptual Model Validation
12.4.2 Data Validation
12.4.3 Verification and White-Box Validation
12.4.4 Black-Box Validation
12.4.5 Experimentation Validation
12.4.6 Solution Validation
12.5 Independent Verification and Validation
12.6 Summary
Exercises
Notes
References

251
251
252
255
255
256
256
256

13 The Practice of Simulation
13.1 Introduction
13.2 Types of Simulation Model
13.2.1 Throwaway Models
13.2.2 Ongoing Use Models
13.2.3 Regular Use Models
13.2.4 Generic Models

271
271
271
272
272
273
273

Copyrighted material – 978–1–137–32802–1

257
257
257
258
258
259
260
264
264
265
266
267
268
268

Copyrighted material – 978–1–137–32802–1
CONTENTS

13.3

13.2.5 Reusable Models/Components
Modes of Simulation Practice
13.3.1 Three Modes of Practice
13.3.2 Facets of the Modes of Simulation Practice
13.3.3 Modes of Practice in Business and the Military
13.3.4 Extending the Three Modes Framework
Summary

13.4
Note
References

XIII

274
274
275
276
278
280
280
281
281

Appendix 1: Simple Queue Model

283

Appendix 2: Wardeon Cinema

291

Appendix 3: Panorama Televisions

311

Appendix 4: Methods of Reporting Simulation Results

332

Appendix 5: Statistical Distributions

342

Appendix 6: Critical Values for the Chi-Square Test

354

Appendix 7: Critical Values for the Student’s t-Distribution

356

Index

358

Copyrighted material – 978–1–137–32802–1

Copyrighted material – 978–1–137–32802–1

Defining Simulation:
What, Why and
When?

1

Key concepts
●

●

●

●

●

●

What is simulation? Experimentation with a simplified imitation (on a computer) of
an operations system as it progresses through time, for the purpose of better understanding and/or improving that system
Key simulation methods used by organisations: discrete-event simulation, Monte
Carlo simulation, system dynamics, agent based simulation
Why simulate? Variability, interconnectedness and complexity of operations
systems
Advantages of simulation:
● Over experimentation with the real system: cost, time, control of the experimental conditions, can be used when the real system does not exist
● Over other modelling approaches: models variability, does not involve restrictive assumptions, transparent
● The management perspective: fosters creativity, creates knowledge and understanding, visualisation and communication, consensus building
Disadvantages of simulation: expensive, time consuming, data hungry, requires
expertise, over confidence
When to simulate? For modelling queuing systems

1.1

Introduction

The management of an airport are planning the facilities that are required in
a new terminal building. Important decisions need to be made about, among
other things, the number of check-in desks devoted to each airline, the size
of the baggage handling system, the amount of security check positions and
the number of departure gates. On top of this, the number of staff to employ
and the shifts they should work need to be determined. The total investment
is in the tens of millions and it is critical that these decisions are made correctly. How can the management determine the number of resources that are
required in each area of the airport?
1
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One approach would be to build the terminal and hope that it works! This
seems very risky with so much at stake. Only slightly better would be to rely upon
gut feel, no doubt based on some past experience with designing and managing
airport terminals. A few paper calculations, or even a spreadsheet, may help, but
these are unlikely to be able to handle the full complexity of the situation.
A much more effective approach is likely to be a simulation of the proposed
airport terminal. This could imitate the flow of passengers and their bags
through each of the key stages from arrival to departure and would act as a
basis for planning airport facilities. Indeed, this is exactly what British Airways
did when planning Terminal 5 at London’s Heathrow airport (Beck, 2011).
Simulation models are used by many organisations to plan future facilities and
to improve current ones. Manufacturing companies simulate their production
lines, financial services organisations simulate their call centres, hospitals simulate
the flow of patients (e.g. through emergency departments), pharmaceutical companies simulate their supply chains and transport companies simulate their delivery networks. There are many examples of simulation being used in practice.
This chapter aims to answer three questions concerning simulation:
●
●
●

What exactly is a simulation?
Why would an organisation choose to develop and use a simulation model?
When is simulation appropriate?

1.2 What is Simulation?
This question is answered in two ways: first by defining ‘simulation’ and then
by outlining four key simulation methods that are used by organisations.

1.2.1

Defining Simulation

Simulation models are in everyday use and so simulation is a concept that is
not alien to us. For instance, weather forecasters daily show us simulations of
the weather system, where we see the movement of weather fronts over the
days ahead. Many of us have game consoles that simulate a whole variety of
activities, enabling us to test our skills as racing drivers, adventurers and sports
people. Simulations need not be computer based. Model railways and remote
control boats are familiar examples of physical simulations.
So what does the term simulation mean? In its most general sense a simulation can be defined as:
An imitation of a system.
Imitation implies mimicking or copying something else. For instance, a forger
imitates the work of a great artist. The Strip in Las Vegas is full of imitations: the Eiffel Tower, the New York skyline, Venice and so on. In soccer, if a

Copyrighted material – 978–1–137–32802–1

Copyrighted material – 978–1–137–32802–1
DEFINING SIMULATION

3

player imitates being the recipient of foul play, it is referred to as ‘simulation’.
Computer aided design (CAD) systems provide imitations of production facility designs and a business process map is an imitation of a business organisation. All of these can be described as a simulation in its most general sense.
There is, however, a key difference between these imitations and those
examples described in the first paragraph of this section. The earlier examples
involve the passage of time, whether it is the movement of trains on a track or
clouds in a weather system. The second set of examples does not involve the
passage of time. Hence there is a difference between the concepts of a static
simulation, which imitates a system at a point in time, and a dynamic simulation, which imitates a system as it progresses through time (Law, 2007). The
term simulation is mostly used in the context of dynamic simulation.
This book is concerned only with dynamic simulations. Further to this,
the focus is on computer based simulations rather than physical simulations,
although many of the principles that are described would still apply to the latter. Building on the previous definition, computer based dynamic simulation
can be defined as follows:
An imitation (on a computer) of a system as it progresses through time.
Some aspects of this definition need exploring a little further. First, the concept of a system needs to be explained. In general terms a system is a collection
of parts organised for some purpose (Coyle, 1996). The weather system, for
instance, is a collection of parts including the sun, atmosphere, land and water,
that is designed (assuming you believe in a Creator) for the purpose of maintaining life.
Checkland (1981) identifies four main classes of system:
●

●

●

●

Natural systems: systems whose origins lie in the origins of the universe e.g.
the atom, the Earth’s weather system and galactic systems
Designed physical systems: physical systems that are a result of human design
e.g. a house, a car and a production facility
Designed abstract systems: abstract systems that are a result of human design
e.g. mathematics and literature
Human activity systems: systems of human activity that are consciously, or
unconsciously, ordered e.g. a family, a city and political systems

All such systems can be, and indeed are, simulated. This book, however,
is concerned with simulation as it is used for modelling in private and public sector organisations. When describing and understanding these organisations two classes of system are of prime concern, that is, designed physical and
human activity systems. For instance, a simulation might be developed of an
automated production facility or warehouse (a designed physical system), or
at the other extreme a model of regional health care delivery (a human activity
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system). Many situations cannot be defined simply as either a designed physical system or a human activity system, but they lie at the interface between
the two. A bank, for instance, consists of a designed physical system (the service counters, automatic tellers etc.), but it is also a human activity system
where the staff and customers interact between and with one another. Indeed,
many of the situations in which simulation is used lie at the interface between
designed physical systems and human activity systems. For instance, service
operations (banks, call centres and supermarkets), manufacturing plants, supply chains, transport systems, hospital emergency departments and military
operations all involve elements of both class of system. In general terms, these
systems can be referred to as operations systems or operating systems. ‘An operating system is a configuration of resources [parts] combined for the provision of goods or services [purpose]’ (Wild, 2002). Wild identifies four specific
functions of operating systems: manufacture, transport, supply and service.
There are, of course, cases where other types of system need to be modelled
as well. For instance, in a simulation of a port it may be necessary to model
the tidal and weather conditions, since adverse conditions may prevent a ship
from entering the port. As such, it is necessary to model, at least simply, some
natural systems. In general this would involve modelling the outcome of the
natural system (e.g. high winds) rather than the system itself.
A second aspect of the definition that needs exploring further is to consider
the purpose of simulation models. Pidd (2009), in a more general discussion about models in management science, identifies the purpose of models
as understanding, changing, managing and controlling reality. Following
this theme, the purpose of a simulation can be described as obtaining a better understanding of and/or identifying improvements to a system. Improved
understanding of a system, as well as the identification of improvements, is
important since it informs future decision-making in the real system.
Another feature of Pidd’s description of models is his emphasis on simplification. It is unlikely that a simulation of an operations system, particularly the
elements of human activity, could represent its full detail. Indeed, even if it were
possible, it is probably not desirable, since the time required to collect data on
and model every aspect of a system would be excessive. Note that even the people of Las Vegas only built a half size replica of the Eiffel Tower, and this for a
‘simple’ physical structure!
A final aspect to consider is the nature of simulation model use. Some modelling approaches attempt to provide optimum answers (e.g. linear programming) or near optimum answers (e.g. heuristic methods). This is not the case
for a simulation model. A simulation simply predicts the performance of an
operations system under a specific set of inputs. For instance, it might predict the average waiting time for telephone customers at a call centre when a
specific number of operators are employed. It is the job of the person using
the simulation model to vary the inputs (the number of operators) and to run
the model in order to determine the effect. As such, simulation is an experimental approach to modelling, that is, a ‘what-if’ analysis tool. The model
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user enters a scenario and the model predicts the outcome. The model user
continues to explore alternative scenarios until he/she has obtained sufficient understanding or identified how to improve the real system. As a consequence, simulation should be seen as a form of decision support system,
that is, it supports decision-making rather than making decisions on behalf
of the user. It should be noted, however, that most modern simulation software provide facilities for automating the experimentation process with the
aim of finding an optimum scenario. These facilities and their application are
discussed in Section 10.5.4.
These four aspects (operations systems, purpose, simplification and experimentation) are now added to the previous definition so that simulation is
defined as:
Experimentation with a simplified imitation (on a computer) of an
operations system as it progresses through time, for the purpose of better
understanding and/or improving that system.
This is the nature of the simulations that are described in this book. Note
that some specifics of this definition are discussed in detail in later chapters,
in particular, the methods of imitating a system as it progresses through time
(Section 2.2), approaches to simplification (Section 6.3) and experimentation
(Chapters 9 and 10). From here on the term simulation shall be taken to mean
simulation as defined above, unless otherwise stated.

1.2.2

Simulation Methods

A range of simulation methods are used by organisations. The primary
approaches are discrete-event simulation, Monte Carlo simulation, system
dynamics and agent based simulation. The focus of this book is on discreteevent simulation which is specifically used for modelling an organisation’s operations systems. Discrete-event simulation is described in detail in Chapter 2.
For the purposes of having a basic understanding of these four simulation
methods, their nature and main uses are briefly described here.

Discrete-Event Simulation
Discrete-event simulation is used for modelling queuing systems. A system
is represented as entities flowing from one activity (effectively a time delay)
to another. Activities are separated by queues. The queues result when entities arrive at a faster rate than they can be processed by the next activity. On
the surface there may seem to be a limited set of circumstances that can be
described as queuing systems, but the applications are many and various.
Indeed, many systems can be conceived as queuing systems, whether it is people, physical items or information that are represented by the entities moving
through the system. As a result, discrete-event simulation is widely used across
a whole range of organisation (Section 1.4).
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Monte Carlo Simulation
Monte Carlo simulation takes its name from the famous casino in the
Principality of Monaco. As the name suggests, the aim of Monte Carlo simulation is to model risk in an environment where the outcome is subject to
chance. The world is conceived as a set of distributions representing variables
that describe the sources of chance. The distributions are combined in some
way to determine the outcome. Figure 1.1 illustrates the idea, showing three
sources of chance (a, b and c), which are combined in the simulation (using
function f) to produce the outcome d, which is the distribution of possible
outcomes.
As a simple example, a, b and c could each represent the role of a die, giving
a number between 1 and 6 with equal probability. The outcome of interest, d,
is the total of the three roles of the die (making f = a + b + c). If this system is
simulated once, then a single outcome is obtained. For instance, a = 3, b = 2,
c = 5 gives d = 10. But this is just one of many possible outcomes. In order to
determine the range of outcomes and their probability, this system could be
simulated many many times to determine the distribution of outcomes for d.
The risk of obtaining, say, a value of d > 15 could then be determined.
This is, of course, a very simple example for which the distribution of d
could be determined by writing down all the combinations of die throws. The
Monte Carlo approach is used widely in much more complex and meaningful
environments, especially for portfolio management. In financial services, the
Monte Carlo method is used to model the future of investment portfolios. In
this case, the inputs are the stocks in the portfolio, each with its own distribution of possible outcomes in terms of share price in the future. The outcome
is the total value of the portfolio at a point in the future. Monte Carlo simulation is also used in the pharmaceutical industry to predict the future financial
performance of a set of investments in the research and development of new
drugs. Strictly speaking, these simulations do not have to model the progression of time, as per our definition of simulation above, but Monte Carlo simulation is often used to simulate an outcome at some future point and even over
a series of time periods (weeks, months or years).
A good introduction to the subject of Monte Carlo simulation can be found
in Winston and Albright (2011).
a
b

d
d = f (a, b, c)

c

Simulation

Input: sources of chance

Figure 1.1

Outcome: distribution of risk

Monte Carlo simulation
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System Dynamics
System dynamics is a continuous simulation approach that represents the world
as a set of stocks and flows (Forrester, 1961; Coyle, 1996; Sterman, 2000).
Stocks are accumulations (e.g. of items, people, money) and flows adjust the
level of a stock with inflows increasing the stock and outflows reducing it.
Stocks change continuously in response to the balance of the inflows and outflows from the stock; hence the need to model time continuously.
Figure 1.2 shows a simple system dynamics population model. The population, which is a stock, is increased by the birth rate, an inflow, and reduced by
the death rate, an outflow. The circles represent variables and the arrows their
relationships. The birth rate is determined by the size of the population and
the fertility of the population. The death rate is also determined by the population and the life expectancy. Equations are used to describe the nature of
these relationships.
System dynamics particularly focuses on modelling information feedback
in a system (Section 1.3.1). In the example in Figure 1.2, feedback occurs
between the birth rate and the population as shown by the flow into the population and the information arrow back from the population. As the birth rate
increases, the population grows at a faster rate (all other things being equal)
and so the birth rate increases further.
There is a very broad range of applications for system dynamics. It is particularly suited to investigating strategic issues (Morecroft, 2007). Sterman
(2000) gives examples that include modelling the growth of high-tech firms,
forecasting energy consumption and commodity prices, modelling supply
chains and analysing business cycles.
There are a number of situations where system dynamics could be use in
place of a discrete-event simulation, or vice versa. For instance, both are used
to model supply chains (Tako and Robinson, 2012) and health care issues
(Evenden et al, 2005; Rauner et al., 2005). Some recent studies have investigated the similarities and differences between discrete-event simulation and
system dynamics (Morecroft and Robinson, 2005; Tako and Robinson, 2009;
Tako and Robinson, 2010). In general, discrete-event simulation is more
appropriate when a system needs to be modelled in detail, particularly when
individual items need to be tracked through the system.

Population

Sink

Source
Birth rate
Fertility

Death rate
Life expectancy

Figure 1.2 System dynamics population model
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Agent Based Simulation1
The origins of agent based simulation lie in the desire to study complex (adaptive) systems and their emergent behaviours (Heath and Hill, 2010). The
approach, that was popularised by the Sante Fe Institute through its Swarm
software, has been applied across a wide range of fields for studying biological, physical and social systems, for instance. The basic idea is to model systems
from the bottom-up as a set of agents, with individual behaviours, that interact
over time. The aim of modelling systems in this way is to observe the behaviours, patterns and structures that emerge (Macal and North, 2010).
Macal and North (2010) describe the structure of an agent based simulation
model as consisting of three elements:
●
●
●

Agents: with attributes and behaviours
Agent relationships: defining who agents interact with and how
Agent environment: the environment in, and with, which the agents interact

Schelling’s model of segregation is an early example of agent based simulation (in his case not on a computer) in which the dynamics of a population, that is split into two groups who aim for a desired level of segregation,
is investigated (Schelling, 1971). Figure 1.3 shows an example of this model.
The world is represented as a grid with light and dark grey tokens. A token
desires a certain number of its neighbours to be of a similar type. If they are
not, then the token moves to another space on the grid. This process continues until all tokens are satisfied with their neighbourhood. The model demonstrates that typically a much higher level of segregation is achieved than desired
by each individual.

Figure 1.3 Agent based simulation: Schelling’s model of segregation
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Axelrod (1997) outlines a number of agent based simulation models which
he uses to study phenomena in the arena of political-science. One such model
investigates how cultures spread and how they remain distinct over time
(Chapter 7). In a similar vein, Deffuant et al. (2002) describe a model of opinion dynamics which they use to model the influence of extremists in a population. Meanwhile, Parker and Epstein (2011) use agent based simulation for
modelling epidemics. Using distributed computing their model is able to represent the outbreak of an epidemic in a population with billions of agents.
These examples of agent based simulation models are used to test the theories of the phenomena that are under investigation. In our context, we are more
interested in models that are based on empirical data and that are used to aid
decision-making. Recent years have seen a growing interest in the application of
agent based simulation in this arena. For instance, Macal and North (2005) discuss the validation of a model (EMCAS: Electricity Market Complex Adaptive
System) that was designed to aid decision-making around restructuring and
deregulation of electricity power markets. Robertson and Caldart (2009) discuss
the use of agent based approaches for strategic decision-making. For a detailed
survey of recent examples of agent based simulation see Heath et al. (2009).
The rest of this chapter, and indeed the book, focuses on discrete-event simulation and its use for modelling operations systems. Many of the ideas, however, are more generally applicable to the other simulation methods.

1.3 Why Simulate?
In order to answer this question, three perspectives are adopted. First, the
need to use simulation because of the nature of operations systems is discussed. Second, the advantages of simulation over other approaches to understanding and improving a system are described. Finally, the disadvantages of
simulation are discussed, on the grounds that it is important to be cognisant of
these when determining whether or not to use the approach.

1.3.1 The Nature of Operations Systems: Variability, Interconnectedness
and Complexity
Many operations systems are subject to variability. This might be predictable
variations, for instance, changing the number of operators in a call centre during the day to meet changing call volumes or planned stoppages in a production facility. It might also be variations that are unpredictable, such as, the
arrival rate of patients at a hospital emergency department or the breakdown
of equipment in a flexible manufacturing cell. Both forms of variability are present in most operations systems.
Operations systems are also interconnected. Components of the system do
not work in isolation, but affect one another. A change in one part of a system
leads to a change in another part of the system. For instance, if a machine is set
to work faster this is likely to cause a reduction in work-in-progress up-stream
and a build-up of parts down-stream.
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It is often difficult to predict the effects of the interconnections in a system,
especially when variability is present. Take the following example. Customers
in a service process pass through three (interconnected) stages (Figure 1.4).
Each stage takes exactly nine minutes. Customers arrive exactly every ten minutes. What is the average time a customer spends in the system? This is a relatively simple question to answer, since there is no variability in the system. The
average time customers spend in the system is 27 minutes, in fact each customer spends exactly 27 minutes in the system.
Now assume that the times given above are averages, so customers arrive
on average every 10 minutes and it takes on average 9 minutes to serve a customer at each stage. What is the average time customers spend in the system?
This is not an easy question to answer since there is variability in both customer arrivals and service times: some service times will be short, others much
longer; sometimes customers will arrive close together, on other occasions
there will be prolonged gaps between customer arrivals. It is also expected that
queues will develop between the service stages. Added to this, the range of
variability around the average is not known. From extensive use of this example I have found that most people estimate that the average is still 27 minutes
or maybe slightly longer. In fact, assuming a typical range of variability (a negative exponential distribution – Section 7.4.3), the average is 270 minutes.2
The compound effect of variability and the interconnections in the system
massively increase the average time customers spend in this system and make it
very difficult to predict the overall performance of the system.
Many operations systems are also complex. It is difficult to provide an exact
definition of the word complexity; an interesting discussion can be found in
Gell-Mann (1994) and in relation to simulation and modelling in Brooks and
Tobias (1996). For our purposes it is useful to distinguish between combinatorial complexity and dynamic complexity. Combinatorial complexity is related
to the number of components in a system or the number of combinations of
system components that are possible. The travelling salesman problem is a useful illustration of this. A salesperson has to make a series of visits to potential
customers during a day. The aim is to find the shortest route around those
customers. If there are eight ‘cities’ (customers) to visit, then the sales person is faced with 2,520 possible combinations of routes (this is calculated by
(n–1!)/2, where n is the number of cities). As the number of cities increases,
so the number of combinations grows at an increasing rate. A 16 city tour gives
6.5 x 1011 combinations of routes! The problem is subject to combinatorial
complexity.
Customer
arrivals
Time: 10 mins

Service 1

Service 2

Service 3

Time: 9 mins

Time: 9 mins

Time: 9 mins

Figure 1.4 Example of an interconnected system subject to variability
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Combinatorial complexity is present in some operations systems. Take, for
instance, a job shop. Parts are processed through a series of machines. Once
the processing is complete on one machine, a part is passed to any one of the
other machines, depending on the type of part and the next process required.
The more machines there are in the job shop, the more the potential interconnections. As the number of machines increases so does the interconnections
at an even faster rate. Figure 1.5 shows the possible interconnections for job
shops with two, three, four and five machines. There are two interconnections
between any two machines since parts can move in either direction. The total
number of interconnections can be calculated as n(n–1), where n is the number of machines in the job shop.
On the other hand, dynamic complexity is not necessarily related to size.
Dynamic complexity arises from the interaction of components in a system over
time (Sterman, 2000). This can occur in systems that are small, as well as large.
Systems that are highly interconnected are likely to display dynamic complexity.
Senge (1990) illustrates dynamic complexity in a supply chain with the
‘beer distribution game’. This represents a simple supply chain consisting of
a retailer, wholesaler and factory. The retailer orders cases of beer from the

2 interconnections
6 interconnections

12 interconnections

20 interconnections

Figure 1.5

Job shop systems: interconnections and combinatorial complexity
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wholesaler, who in turn orders beer from the factory. There is a delay between
placing an order and receiving the cases of beer. The game demonstrates that
a small perturbation in the number of beer cases sold by the retailer can cause
large shifts in the quantity of cases stored and produced by the wholesaler and
factory respectively. Such a system is subject to dynamic complexity.
Senge (1990) describes three effects of dynamic complexity:
●
●

●

An action has dramatically different effects in the short and long run.
An action has a very different set of consequences in one part of the system
to another.
An action leads to non-obvious consequences (counter intuitive behaviour).

These effects make it very difficult to predict the performance of a system
when actions are taken, or changes are made.
The effects described above often arise because of feedback within a system.
Feedback occurs when the components of a system are interconnected in a loop
structure. As a result an action taken at one point in a system eventually leads
to a feedback effect on that same point in the system. A simple example is a
kanban system (Figure 1.6). Machine M1 feeds buffer B1. The rate at which
M1 works depends upon the number of parts in B1. The smaller the inventory
in B1 the faster M1 works, and vice versa. M1 is connected to B1 through the
flow of parts and B1 is connected to M1 through the flow of information about
the quantity of parts in the buffer. There is, therefore, a loop structure and so
feedback occurs. For instance, if M1 is made to work faster, this increases the
number of parts in B1, which in turn reduces the speed at which M1 works.
If there is a delay between the request for M1 to produce at a faster rate and
M1 actually delivering more parts to B1 (say, because of the need to set-up
the machine to run at a faster speed), then the inventory in B1 might run
out. Similarly, B1 might overfill because of a delay in M1 slowing down when
requested to do so. Such undershoots and overshoots in the inventory in B1
demonstrate the dynamic complexity that can occur in this simplest of systems.
The interconnections in operations systems are often not unidirectional,
and so loop structures and feedback are quite common. In particular, physical items and information often flow in opposite directions. In some cases the
loop structures are very complex, involving many system components.

Information

Parts
M1

B1

Figure 1.6 Simple kanban system demonstrating feedback
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The Need for Simulation
Many operations systems are interconnected and subject to both variability
and complexity (combinatorial and dynamic). Because it is difficult to predict
the performance of systems that are subject to any one of variability, interconnectedness and complexity, it is very difficult, if not impossible, to predict the
performance of operations systems that are potentially subject to all three.
Simulation models, however, are able to explicitly represent the variability,
interconnectedness and complexity of a system. As a result, it is possible with
a simulation to predict system performance, to compare alternative system
designs and to determine the effect of alternative designs and policies on system performance.
The methods for modelling variability in simulation are discussed in Sections
2.3 and 7.4. Section 6.2.4 discusses the need to account for the interconnections in a system. The combination of modelling variability and interconnectedness means that the complexity in a system can be represented by a
simulation model.

1.3.2 The Advantages of Simulation
Simulation is not the only method of analysing and improving operations systems. In particular, it might be possible to experiment with the real system or
to use another modelling approach (Pidd, 2004). What are the specific advantages of simulation over these approaches?

Simulation versus Experimentation with the Real System
Rather than develop and use a simulation model, experiments could be carried
out in the real system. For instance, additional check-in desks could be placed
in an airport departure area, or a change in the flow around a factory floor
could be implemented. There are some obvious, and less obvious, reasons why
simulation is preferable to such direct experimentation.
●

●

Cost. Experimentation with the real system is likely to be costly. It is expensive to interrupt day-to-day operations in order to try out new ideas. Apart
from the cost of making changes, it may be necessary to shut the system
down for a period while alterations are made. Added to this, if the alterations
cause the operation’s performance to worsen, this may be costly in terms
of loss of custom and customer dissatisfaction. With a simulation, however,
changes can be made at the cost of the time it takes to alter the model and
without any interruption to the operation of the real world system.
Time. It is time consuming to experiment with a real system. It may take
many weeks or months (possibly more) before a true reflection of the
performance of the system can be obtained. Depending on the size of
the model and speed of the computer, a simulation can run many times
faster than real time. Consequently, results on system performance can be
obtained in a matter of minutes, maybe hours. This also has the advantage
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that results can be obtained over a very long time frame, maybe years of
operation, if required. Faster experimentation also enables many ideas to be
explored in a short time frame.
Control of the experimental conditions. When comparing alternatives it is useful to control the conditions under which the experiments are performed
so direct comparisons can be made. This is difficult when experimenting
with the real system. For instance, it is not possible to control the arrival
of patients at a hospital. It is also likely that experimentation with the real
system will lead to the Hawthorne effect, where staff performance improves
simply because some attention is being paid to them. In some cases the real
system only occurs once, for example, a military campaign, and so there is
no option to repeat an experiment. With a simulation model the conditions
under which an experiment is performed can be repeated many times. The
same pattern of patient arrivals can be generated time and time again, or the
events that occur during a military campaign can be reproduced exactly as
often as is required.
The real system does not exist. A most obvious difficulty with real world experimentation is that the real system may not yet exist. Apart from building a
series of alternative real world systems, which is unlikely to be practical in
any but the most trivial of situations, direct experimentation is impossible in
such circumstances. The only alternative is to develop a model.

Simulation versus Other Modelling Approaches
Simulations are not the only models that can be used for understanding and
improving the real world. Other modelling approaches range from simple
paper calculations, through spreadsheet models, to more complex mathematical programming and heuristic methods (e.g. linear programming, dynamic
programming, simulated annealing and genetic algorithms). Queuing theory
provides a specific class of model that looks at similar situations to those often
represented by simulations, arrivals, queues and service processes (Winston,
2003). There are some reasons why simulation would be used in preference to
these other methods.
●

Modelling variability. It has already been stated that simulations are able
to model variability and its effects. Meanwhile, many of the methods mentioned above are not able to do so. (It should be noted that some modelling
approaches can be adapted to account for variability, but this often increases
their complexity.) If the systems being modelled are subject to significant
levels of variability, then simulation is often the only means for accurately
predicting performance. Some systems cannot be modelled analytically.
This is illustrated by Robinson and Higton (1995) who contrast the results
from a ‘static’ analysis of alternative factory designs with a simulation. In the
static analysis the variability, largely resulting from equipment failures, was
accounted for by averaging their effects into the process cycle times. In the
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simulation, the variability was modelled in detail. Whilst the static analysis
predicted each design would reach the throughput required, the simulation
showed that none of the designs were satisfactory. It is vital that variability is
properly accounted for when attempting to predict performance.
Restrictive assumptions. Simulation requires few, if any, assumptions,
although the desire to simplify models and a shortage of data mean that
some appropriate simplifications and assumptions are normally made. Many
other modelling approaches require certain assumptions. Queuing theory,
for instance, assumes particular distributions for arrival and service times.
For many processes these distributions are not appropriate. In simulation,
any distribution can be selected.
Transparency. A manager faced with a set of mathematical equations or a
large spreadsheet may struggle to understand, or believe, the results from
the model. Simulation is appealing because it is more intuitive and an animated display of the system can be created, giving a non-expert greater
understanding of, and confidence in, the model.

Of course, there are occasions when another modelling approach is appropriate and simulation is not required. Because simulation is a time consuming
approach, it is recommended that it is used as a means of last resort, rather
than the preferred option (Pidd, 2004). That said, simulation is often the only
resort. Indeed, surveys of modelling practice demonstrate that simulation is
one of the most commonly used modelling techniques (Jeffrey and Seaton,
1995; Jahangirian et al., 2010).

Simulation: The Management Perspective
Among the most compelling reasons for using simulation are the benefits that
are gained by managers.
●

●

Fostering creativity. ‘Ideas which can produce considerable improvements
are often never tried because of an employee’s fear of failure’ (Gogg and
Mott, 1992). With a simulation, however, ideas can be tried in an environment that is free of risk. This can only help to encourage creativity in tackling problem situations.
Creating knowledge and understanding. At the end of many months of simulation modelling, the manager of the organisation informed me that all
of the benefits could have been obtained without the use of simulation by
simply thinking about the problem in more detail. My defence lay in the
fact that they would not have thought through the issues had the simulation not been there to act as a catalyst. The development and use of a simulation model forces people to think through issues that otherwise may not
have been considered. The modeller seeks information, asks for data and
questions assumptions, all of which lead to an improved knowledge and
understanding of the system that is being simulated. Shannon (1975) recognises that the development of the model alone, without the need for
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experimentation, may create sufficient understanding to bring about the
necessary improvement to the real system. As the old adage states ‘a problem stated is a problem half solved’.
Visualisation and communication. Many good ideas have been trampled underfoot because the benefits could not be demonstrated to a senior manager.
Visual simulations prove a powerful tool for communication. It may be that an
idea has already been proven, but it is deemed necessary to build a simulation
model in order to convince senior managers and colleagues of its validity.
Consensus building. Many simulation studies are performed in the light of
differing opinions as to the way forward. In the health sector, clinicians may
be at odds with managers over the resources required. In a factory, managers
and workers may not be in agreement over working hours and shifts. Sitting
opposing parties around a simulation model of the problem situation can
be a powerful means for sharing concerns and testing ideas with a view to
obtaining an accommodation of views.

1.3.3 The Disadvantages of Simulation
There are a number of problems with using simulation and these must not be
ignored when deciding whether or not it is appropriate.
●

●

●

●

●

Expensive. Simulation software is not necessarily cheap and the cost of model
development and use may be considerable, particularly if consultants have to
be employed.
Time consuming. It has already been stated that simulation is a time consuming approach. This only adds to the cost of its use and means that the benefits are not immediate.
Data hungry. Most simulation models require a significant amount of data.
This is not always immediately available and where it is, much analysis may
be required to put it in a form suitable for the simulation.
Requires expertise. Simulation modelling is more than the development of a
computer programme or the use of a software package. It requires skills in,
among other things, conceptual modelling, validation and statistics, as well
as skills in working with people and project management. These are the skills
that are discussed in this book. This expertise is not always readily available.
Over confidence. There is a danger that anything produced on a computer is
seen to be right. With simulation this is further exacerbated with the use of an
animated display, giving an appearance of reality. When interpreting the results
from a simulation, consideration must be given to the validity of the underlying model and the assumptions and simplifications that have been made.

1.4 When to Simulate
As stated in Section 1.2.2, discrete-event simulation is used for modelling queuing systems. This provides a general structure that can model a wide range of systems. As such, it is impossible to give a full list of applications for which simulation

Copyrighted material – 978–1–137–32802–1

Copyrighted material – 978–1–137–32802–1
DEFINING SIMULATION

17

might be used. It is, however, useful to give some indication of the range of systems that can be modelled. Banks et al. (1996) suggest the following list:
●
●
●
●
●
●
●
●

Manufacturing systems
Public systems: health care, military, natural resources
Transportation systems
Construction systems
Restaurant and entertainment systems
Business process reengineering/management
Food processing
Computer system performance

There are no doubt other applications that can be added to this list, for
instance, service and retail systems.

1.5 Conclusion
This chapter discusses the nature of simulation that is described in this book.
While a specific definition of simulation for modelling operations systems is
provided, it is also shown that the term ‘simulation’ has many meanings. Four
different simulation methods are outlined, whilst recognising that the focus of
this book is on one of those methods, discrete-event simulation. The reasons
for using simulation are discussed based on the nature of operations systems
and the advantages of simulation. The latter describes why simulation is often
preferable to other improvement approaches that could be adopted. The disadvantages of simulation are also identified. Finally, some common application
areas for simulation modelling are listed. Having set the scene, the next chapter describes how a simulation model works by showing how the progression
of time and variability are modelled.

Exercises
E1.1 Think of situations where simulation could be used, for instance, from
day-to-day life, a place of study or work. What aspects of each situation
make simulation appropriate?
E1.2 Take a typical operations system, preferably one that can be observed
(e.g. a bank or supermarket), and identify the elements of variability,
interconnectedness and complexity.
E1.3 There are many case studies describing the application of simulation
to real problems. Obtain and read some simulation case studies. Why
was simulation used? What benefits were obtained? Some journals that
often publish simulation case studies are: IIE Solutions, Interfaces, OR
Insight and the Journal of the Operational Research Society. The Winter
Simulation Conference proceedings (www.wintersim.org) include many
case studies. Simulation software suppliers also publish case studies on
their web sites (Section 3.3.3).
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E1.4 The paper by Tako and Robinson (2010, p. 787) describes a case study
of modelling the UK prison population as follows:
[T]wo types of offenders are considered, petty and serious. There are
in total 76,000 prisoners in the system, of which 50,000 are petty and
26,000 serious offenders. Offenders enter the system as first time offenders and receive a sentence depending on the type of offence; on average
3,000 petty offenders enter per year versus 650 serious offenders per
year. Petty offenders receive a shorter sentence (on average 5 years vs. 20
years for serious offenders). After serving time in prison they are released.
A proportion of the released prisoners re-offend and go back to jail
(recidivists) after 2 years (on average), whereas the rest are rehabilitated.
Discuss how the four different simulation methods (discrete-event simulation,
Monte Carlo simulation, system dynamics and agent based simulation) might be
used to represent this problem.

Notes
1. Parts of this section are based on Robinson, S. (2013). Conceptual
Modeling for Simulation. Proceedings of the 2013 Winter Simulation
Conference (R. Pasupathy, S.-H. Kim, A. Tolk, R. Hill, and M. E. Kuhl,
eds). IEEE, Piscataway, NJ, pp. 377–388.
2. This is an exact result obtained from queuing theory formula, which
can be used if it is assumed that arrivals and service times are distributed
according to a negative exponential distribution. In this case the arrival
rate λ=1/10 and the service rate μ=1/9. For these values, standard queuing formula give the average time in the system for a single server queue
as 90 minutes. This can simply be multiplied by three to give the average
for the three stage queuing process. For details of the queuing formula for
this problem see Winston (2003).
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application oriented simulation packages, 53
approximate distributions, 133–4, 351–2
assumptions, 15, 82, 92
automatic guided vehicles (AGVs), 120
autoregressive methods, 206
B
Base Object Model (BOM), 97
batch experimentation, 202–3, 233
batch means methods, 192, 194, 234, 325–6
for constructing confidence intervals from
single run, 206–9
beer distribution game, 11
Bernoulli distribution, 353
bimodal distributions, 136, 319
binomial distribution, 132
definition of, 131
parameters of, 131
black-box modelling, 110–11, 115
black-box validation, 48, 253–7, 286, 298, 321
approaches to perform
compare simulation model to real world,
260–2
compare with other models, 262–3
overall behaviour of model considered, 260

relation between white-box validation and,
263–4
Bonferroni inequality, 217, 219, 234
bootstrapping, 119, 125, 137
bound or booked (B) events, 25–8
Box-and-Whisker chart for time to complete
the orders, 212–13, 337–8
British Airways, 2
business simulation, 278–9
C
call centre simulation, 28–36
category A data, 121–2
category B data, 122
collection of, 124
category C data, 122, 125
dealing with unobtainable, 122–4
checking the code method, 259
chi-square test, 146, 323
advantage of, 147
critical values for, 354–5
results of, 147
used to compare output data
distributions, 262
chi-square value calculation, 146
clients, 71–2, 74, 83–4, 87–8, 98–9, 243
control over model inputs, 104
and modeller, mutual understanding
between, 245
modeller responsibility to guide, 266
cloud computing, 73
cognitive mapping, 99
combinations problem during simulation
experimentation, 204
combinatorial complexity, 10–11, 13
common random numbers, 160–1, 163, 188,
213, 215–17, 234, 236, 262, 289, 307
comparing alternatives scenario, 203–4
choosing best scenario, 219–20
comparison of two and many scenarios,
213–19
factors of, 213
model user able to determine on
alternatives, 213
complexity, 9–12, 21
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component list for single server queue, 89
computer aided design (CAD) systems, 3, 120
computer generated random numbers, 42–4
computer model, 65–6, 68, 81, 83–4, 86–7,
106, 108–9, 115, 119, 121, 124, 154,
156, 252–5, 259
computer simulation model, 37, 48, 81
computer user help desk model, 174–6
computing, 72
cloud (see cloud computing)
costs, 74
development in 1980s and 1990s, 48–9
distributed, 9
parallel, 114
Conceptual Model Development Tool
(KAMA), 97
conceptual model/modelling, 65–6
artefacts of, 82–4
communicating
representing conceptual model (see
representing conceptual model)
simulation project specification (see
simulation project specification)
data, role of, 108–9
definition of, 81–2
designing of
determine model content, 105–8
identification of model outputs and inputs,
102–5
dimensions of, 82
experimental factors, 284
far abstraction, 86
framework for, 97–8, 109
determining modelling and general project
objectives, 100–2
developing understanding of problem
situation, 98–100
level of detail, 284–5
levels of abstraction, 86
methods for simplification, 109–10
aggregation of model components (see
aggregation of model components)
excluding components and details,
111–12
excluding infrequent events, 112–13
reducing rule set, 113
replacement of components with random
variables, 112
splitting models, 113–14
modelling and general project objectives,
283–4
model outputs/responses, 284
problem solution, 283
process flow diagram, 285
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requirements of, 84–6
scope of, 284
simplification of, 285
simulating outpatients clinic, 78–80
transformed into computer model, 255
validation, 253–4, 256, 258
Conceptual Models of the Mission Space
(CMMS), 97
conditional (C) events, 25–8, 34
confidence interval methods, 177, 182, 184–7,
205, 227, 262
batch means method for constructing,
206–9
calculation of, 188, 191–2
when unequal numbers of replications
performed, 215
outcomes of, 214
single time-series calculation, 194
contextual data, 120–1
continuous distributions, 126, 128–31
Beta (shape1, shape2), 342–3
Erlang distribution, 343–4
Gamma (shape, scale), 344–5
log-normal (location, spread), 345
negative exponential, 345–6
normal (mean, standard deviation), 346
truncated normal, 347
continuous simulation approach, 22, 35–6
continuous uniform, 133
correlation data, 138–9
C# (programming language), 52
cumulative distribution function (CDF), 42,
142
cumulative probability(ies), 144–6
customer arrivals time, 10, 22, 125, 132, 139,
286–9
customer service representative (CSR),
292–301, 310
cycle time process, 14
D
3D animation simulation model, 49, 51, 58,
102
data (see also input modelling; modelling
variability)
analysis, 221
central to development and simulation
models use, 119
collection/obtaining of
accuracy of data, 124
dealing with unobtainable (category C)
data, 122–4
format for, 124–5
from four processes, 150–1
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data (continued)
files, 341
and information, difference between, 120
requirements, 120–1
separation from code from results, 157–8
validation, 124, 253–4, 256–8
Defense Conceptual Modeling Framework
(DCMF), 97
designed abstract system, 3
designed physical system, 3–4
deterministic model, 168, 263, 298–9, 301,
321, 323
digital computers, 35
discontinuous distributions, 136
discrete distributions, 128, 131–2, 349–50
discrete-event simulation approach, 5, 7, 9,
16–18, 22, 36, 48
telephone call centre simulation, 24–5, 26
time-slicing approach/method (see timeslicing approach/method)
used for modelling queuing systems, 16–17
discrete uniform, 133
distribution fitting, 58, 73
example, 141–7
issues in, 148
software, 140, 148
documentation of model coding and
simulation project, 161–3
double-loop learning, 244
dynamic complexity, 10, 13
arises from interaction of components, 11
effects of, 12
in supply chain with beer distribution game, 11
dynamic display of reports, 340
dynamic simulation, 3, 21
E
Electricity Market Complex Adaptive System
(EMCAS), 9
elegant user interfaces, 272–3
empirical data, 9, 73, 86, 136, 139–48
empirical distributions, 119, 126–7
traces vs, 134–7
end point, 168
Erlang distribution, 134–5, 141–4, 343–4
parameters of, 129
used to represent time to complete activity,
129
vs empirical data, 143–4
event scheduling, 34
Excel spreadsheet, 179, 187, 193, 342
experimental design, 220–1, 224–8, 233–4,
330
experimentation validation, 253–4, 257, 264

experimentation with real system, 13–14
expert knowledge, 221–2
F
facilitation, simulation as, 275–80
2k factorial design, 224–8
false discovery rate, 219
far abstraction, 80, 86
Federation Development and Execution
Process (FEDEP), 97
flows, 7, 36
control of, 259
patients, 78
Ford engine plant model, 86
formal search experimentation, 234
Fortran programming language, 48
fractional factorial designs, 228
frequency distribution for inter-arrival time of
calls, 39
full simulation model, 230, 300–1, 323
G
gamma (similar) distribution, 52, 130–1, 134,
141, 344–5
Gantt charts, 103, 338–9
general model data, 157
general project objectives, 100–2
general purpose simulation packages, 53
generic model, 100, 162, 273–4, 280
geometric distribution, 353
goodness-of-fit test, 140, 142–7, 229
good simplification, 114–15
GPSS, 48
graphical method, 175, 182–4
graphical reports
box-and-whisker charts, 337–8
frequency diagrams, 336–7
Gantt charts, 338–9
pie charts, 339
scatter diagrams, 339–40
time-series recording level of some response,
335–6
grouping entities, 111
H
hand simulations, 22, 28–33, 41
hardware, 48, 75, 276
policy of organisation, 57
requirement for simulation, 58, 60, 64, 72–3
heuristic search approach, 175, 230–1
hill-climbing search strategy, 231
human activity system, 3–4
hybrid methods, 175
hybrid simulation in production planning, 36
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I
imitation of system, 2–3
implementation process
meaning of, 241
of simulation project
implementing findings and model, 242–3
as learning process, 243–4
success of project, 244–8
in simulation studies context, 241–2
independent verification and validation
(IV&V), 265–6
information and data, difference between 120
infrequent events exclusion, 112–13
initialisation bias, 167, 171–4
dealing with, 287
determining warm-up period, 175–9
setting initial conditions, 180–1
mixed initial conditions and warm-up, 181
initial transient, 170–2, 175, 177, 179, 181,
264, 324
input modelling, 120
interactive experimentation, 202–3, 233
interactive reports, 340
inter-arrival time, 22, 39, 41, 90, 107
of calls at call centre, 126–7
Erlang distribution used for modelling, 129
of first ten calls, 40
frequency distribution of calls, 39
relation of random numbers to sampled, 40
interconnectedness system, 9–12, 21
interpretation of time between failure, 125
J
Java, 52
job shop systems, 11
K
kanban system, 12
Kolmogorov–Smirnov test, 147
L
linear congruential random number generator, 43
logic flow diagram, 90, 91
log-logistic distribution, 353
log-normal distribution, 131, 148
M
machine breakdowns, 123, 125, 312, 340
machine changeovers, 106
management of airport, 1
manufacturing model, 106, 180, 196–7, 229,
235–7
marginal standard error rule (MSER), 175–6
aim of, 177
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applied to user help desk model data, 178
value for time-series of output data
calculation, 177–8
mathematical models, 263, 298, 300–1
mathematical optimisation, 230
maximum-likelihood estimation (MLE)
approach, 140
mean
arrival rate, 138–9, 159, 286, 297
estimation of, 205–6
frequency with same, 209
used to measure of average performance,
204
median, 103, 167, 173, 205, 210–11,
337–8
average, 333–5
estimation of, 209
meta-heuristics, 231
metalmodel/metamodelling, 228–30
microcomputer, 48
microprocessor, 48
Microsoft Excel, 52
military simulation, 69, 278–80
mode, 131, 134, 142, 167, 205, 209
model assessment (evaluation), 265
model coding, 58, 65–6, 70–1, 83, 88,
109–10, 286
coding of, 156
pseudo random number streams use,
158–61
separation of data from code from Results,
157–8
designing of, 155–6
documentation of, 161–3
model testing activity carried out during,
163, 259
model data, 232, 266, 286, 297, 318–20
model development, 16, 49, 54, 58, 69, 74,
82, 88, 102, 114–15, 161, 265, 273,
276, 279–80
model documentation, 161–3, 272
model implementation, 243
modellers, 15, 53, 55, 66, 68–73, 80–1, 83–4,
87, 244, 266, 277
aware of general project objectives, 102
and clients, mutual understanding between
(see clients and modellers, mutual
understanding between)
development of simple computer models,
106
investigate source of data, 258
job to understand real system, 77
model design creation, 155
perspective on involvement in simulation
study, 243
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modellers (continued)
remember acceptance of simulation study
and results, 266
simulation (see simulation modellers)
specialist, 74
use of languages, 52
use of same simulation software, 56
modelling objectives, 100–2
modelling transportation systems, 112
modelling variability, 13–15, 21–2, 36–44
issues in, 45
methods of, 119
empirical distributions (see empirical
distributions)
statistical distributions (see statistical
distributions)
traces (see traces)
model performance, 166–7, 172, 174, 182,
188–9, 202, 209, 252
model realisation, 108, 121, 254
model testing, 69, 163, 251–2, 314
model user, 5, 48, 71–2, 113, 167–8, 182–5,
194, 202–3, 213, 217–18, 221–3,
231–2, 242
awareness about potential interaction, 224
identify factor changes, 223
for non-terminating simulations, 174
video display enables to track events, 51
model validation, 121
moderate number of scenarios, 220
modern simulation software, 21
Monte Carlo simulation, 6, 18
motivation for simulation study, 65
multiple replication for non-terminating
simulations, 57–8, 135, 166–7, 176
disadvantage of, 194
obtaining sufficient data for, 173–4
selection of, 182–95
single long runs advantages over performing,
205
vs long runs, 193–4
N
natural system, 3, 4
near abstraction, 86
negative binomial distribution, 353
negative exponential (just exponential)
distribution, 128–9
neural networks, 229
non-software specific description, 155
non-stationary data, 138–9
non-terminating simulations, 168–9, 172–4
normal distribution, 135

limited application in simulation modelling,
128
parameters of, 127
probability density function (PDF) for (see
probability density function (PDF) for
normal distribution)
sampling from, 41
sampling from CDF for, 42
numerical reports
cumulative total and percentage, 332
maximum and minimum response report,
335
mean average and standard deviation, 333
median average and quartile, 333–5
modal average, 335
statistical analysis, 335
O
ongoing use model, 272, 277, 280
operating/operations systems, 4
definition of, 4
functions of, 4
nature of, 9–12
state of system changes through time, 35
operational research intervention, 71
opinion dynamics model, 9
organisational change process, 242, 275–80
organisational politics, 245
outpatients building model, 79, 80
output reports, inspecting, 260
P
packaged software, 21
paired-t confidence interval, 214–17, 262
Panorama Televisions case study, 98, 115, 149
conceputal modelling
assumptions of, 317
experimental factors, 314
level of detail, 315–17
modelling and general project objectives,
314
model outputs/responses, 314
problem situation, 311–14
process flow diagram, 318
scope of, 315
simplification of, 317
experimentation of
obtaining accurate results, 323–5
model coding, 320
model data, 318–20
searching solution space
final experimentation, 329–30
preliminary experimentation, 325–9
verification and validation
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comparison to historic data, 321–3
deterministic model, 321
passage of time, 3
Pearson type V and VI distribution, 353
percentiles, 167, 173, 205, 234, 334, 337–8
calculation of, 210
generation of value, 210
plot for sorted data, 211–12
report value of output, 210
personal computer (PC), 49
pie charts, 103, 332, 339
point estimates, 204–9
Poisson distribution, 128, 132, 350
Poisson process, 128
portability issue in hardware and software
requirements, 73
practical significance of difference, 215, 220
predictable variability, modelling, 44
preliminary experimentation, 222, 224, 325–9
probability density function (PDF) for normal
distribution, 42, 127
problem situations, 15–16, 66, 74, 82, 87,
97–100
process-based approach, 34–5
process flow diagram (process map), 90
Production Modeling Corporation, 162
programming languages, 21, 48, 52, 54–5
progress of time, modelling, 22, 36
time-slicing approach/method (see timeslicing approach/method)
project documentation, 155, 161–3, 272
prototyping, 106
pseudo random number stream, 43–4, 126,
156, 158–61, 163, 188
Q
quality of the content, 246–7
quality of the outcome, 246–7
quality of the process, 246–7
quartiles, 167, 210–13, 333–4, 337–8
queuing theory, 14–15, 263, 283, 286, 344,
346
R
random numbers, 45, 125
computer generated (see computer generated
random numbers)
definition of, 37
generation from algorithm, 43
good generators of, 44
integer, 38
properties of, 37
pseudo random number stream (see pseudo
random number stream)
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related to frequencies, 39
relating to variability in simulation, 38–9
relation to sampled inter-arrival times, 40
sequence to generate variability, 40
random variability, 125
real system performance, 4–5, 13, 35, 78,
80–1, 84, 86, 104–5, 134–5, 172,
180–1, 200, 233–4, 252
comparison with black-box validation, 261
modeller job to understand, 77
simulation vs experimentation with, 13–14
traces obtained by collecting data from, 126
real world data, 256–7, 260–2, 267
regenerative methods, 206
regular use models, 273, 280
repair time, 112, 122, 135, 139–44, 146–7,
158–60, 259, 260
data, 141
of machine, 112, 122, 135, 139–40
of random numbers, 159–60
representing conceptual model methods
activity cycle diagram, 90–2
component list, 89
list of assumptions and simplifications, 92
logic flow diagram, 90
process flow diagram (process map), 90
response surface for manufacturing model,
228–9
reusable model, 272, 274, 277, 280
rule of thumb, 182
run-length for long run, 28, 58, 171–3, 181
selection of
multiple replications vs long runs, 193–4
performance of multiple replications,
182–8
performing single long run, 190–3
variance reduction (antithetic variates),
188–90
S
sampling
from CDF for normal distribution, 42
from normal distribution, 41
from standard statistical distributions, 41–2
sampling continuous values process, 126–7
scale, definition of, 130
Schelling’s model of segregation, 8, 86
Schruben-Turing Test, 262
search experimentation, 203–4
experimental design, 224–8
informal approaches to, 221–4
metamodelling (see metalmodel/
metamodelling)
seed, 43, 44
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sensitivity analysis, 67, 123, 135, 200–1,
232–4, 254, 258, 264
on increased arrivals, 308–9
service operations, 4, 122
setting initial conditions, 180–1
vs warm-up period, 181–2
shape, value of, 130
shifting steady-state output, 171, 194
simple models, 53, 79, 82, 85–6, 98, 264, 284
simple outpatients building model, 79
simple queue model, 98, 115, 149, 194, 234,
267
advantage of, 283
purpose of, 283
run-length selection, 288–9
time-series of customer waiting time, 287
simplifications, 82, 92
emphasis on, 4
model, 109–15, 285, 296–7, 317
simplified simulation model, 300–1
SIMULA, 48
simulation model, 16–17, 221, 261
advantages of
simulation vs experimentation with real
system, 13–14
simulation vs other modelling approaches,
14–15
complexity and accuracy, 85
definition of, 2–3, 5
disadvantages of, 16
emphasis on simplification, 4
as facilitation, 275–6
issues in obtaining accurate results, 172–3
obtaining sufficient output data, 173–4
removal of initialisation bias, 173
management perspective of, 15–16
methods of, 5–9
nature of, 168–72, 287
need for, 1–3
of operations system, 4, 21
as organisation change process, 275
purpose of, 4
as software engineering, 275
splitting of data requirements, 120
types of, 271–4
users in industrial settings, 70
validation/validity of simulation model (see
validation/validity of simulation model)
verification of simulation model (see
verification of simulation model)
simulation modellers, 49, 52, 61, 74, 120
simulation modelling approach, 15–17, 36,
52, 54
iteration role in, 68, 109

linear process, 68–9
modeller’s thinking, 69
normal distribution limited application in, 128
package selection, 56
project selection, 74–5
requirements within organisation, 57
specialist simulation software for, 55
simulation model output, 194
nature of, 287, 302, 324
simulation model results, 286
from 30 and 80 days with manufacturing
model, 196–7
for deterministic model, 299
for full simulation model, 301
and real world data for mean customer
waiting time at bank, 267
reporting methods
graphical reports (see graphical reports)
numerical reports (see numerical reports)
viewing reports (see viewing reports)
for simplified simulation model, 300
simulation optimisation (searchisation), 201,
220–1, 230–2, 234, 330
simulation output analysis
aim of, 167, 172
determination of nature, 172
nature of, 168–72
problems in, 167–8
simulation output data, obtaining sufficient,
167, 169, 171–7, 184, 205, 261
simulation practice, 271
modes of
extending three modes framework, 280
facets of, 276–8
as facilitation, 275–6
as organisational change process, 275
practice in business and military, 278–80
as software engineering, 275
simulation project
clients, 83
documentation of, 155, 161–3
quality, dimensions of, 246
specification, 87–8
success
four stage model of, 244–5
measurement of, 247–8
methods to achieve, 245–7
team, 71–2, 75, 114
time-scales, 69–71
simulation project experimentation, 202
issues in, 166
nature of
comparing alternatives and search
experimentation, 203–4
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interactive and batch experimentation,
202–3
problem of combinations, 204
reporting results from single scenario
measures of variability, 209–13
point estimates, 204–9
searching the solution space process (see
solution space, searching)
simulation output analysis (see simulation
output analysis)
simulation quality trilogy, 246–7
simulation software, 5, 21, 52, 126
automatic facilities for performing batch
experiments, 203
comparing spreadsheets, programming
languages and specialist simulation
software, 54–5
multiple replications and, 187–8
option to define empirical distribution, 127
packages, 25, 36, 42, 53, 154, 157
programming languages, 52
project costs, 73–4
selection of, 55
criteria for, 58
establishing evaluation criteria, 57
establishing modelling requirements, 57
evaluation of software in relation to
criteria, 59–60
process in, 56
software selection, 60
survey and short-list software, 57
specialist simulation software, 53–4
specialist, 53–4
spreadsheets, 52
vendors, 73
vendors provide optimisation packages for
software, 231
warm-up period and (see warm-up period
and simulation software)
simulation study(ies), 64–5, 280
average time in industrial settings, 70
conceptual modelling, 65–6
experiments performance with simulation
model, 66–7
implementing findings from, 67–8
model coding (see model coding)
mutual understanding vital to success of, 245
rely upon teamwork, 71
repetition of activities, 68
roles in, 71–2
soft systems methodology in, 99
single confidence interval, 217
single long runs, 173, 190–4, 205, 209, 325
(see also batch means methods)
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single server queue/queuing system, 89–92,
286–7
software, 48
elements of, 21
packaged (see packaged software)
requirement for simulation, 58, 60, 64, 72–3
specific description, 155
third party (see third party software)
software engineering approach, 275–80
solution space, searching, 201, 203–4, 289–90
definition of, 200
developing an understanding of, 222–3
solution validation, 245, 253–4, 264–5
sorted data point, 210–12
specialist simulation software, 54–5
packages, 53
places for finding information on available
software, 53
visual interactive modelling systems (VIMS)
(see visual interactive modelling systems
(VIMS))
specification change form, 88
splitting models, 113–14
spread, definition of, 131
spreadsheets, 2, 14–15, 23, 37, 48–9, 52,
54–5, 73, 125
calculation of
paired-t confidence interval, 216
resulting confidence interval, 209
for comparing two scenarios, 219
Excel (see Excel spreadsheet)
separation of data from formulae, 157
standardised time-series methods, 206
standard time information, 124
static simulation, 3
statistical distributions, 119 (see also normal
distribution)
approximate distributions (see approximate
distributions)
continuous distributions (see continuous
distributions)
definition of, 127
discrete distributions (see discrete
distributions)
selection of
fitting to empirical data, 140–8
from known properties of process, 139–40
traces vs, 134–7
statistical methods, 175
statistical significance of difference, 215, 220
steady-state cycle output, 171–2, 194
steady-state output, 169–71
stocks, 7
student’s t-distribution, 185, 356–7

Copyrighted material – 978–1–137–32802–1

Copyrighted material – 978–1–137–32802–1
366

INDEX

surface verification, 254
system description, 82, 83–4
system dynamics simulation approach, 7, 18,
36
systemflow simulations, 53
systems, classes of, 3
T
telephone call centre simulation
B and C events, 25–6
discrete-event simulation approach, 24, 26
time-slicing approach, 22–3
Terminal 5, London’s Heathrow airport, 2
terminating simulations, 168
third party software, 104, 246, 341
three-phase simulation approach, 35
classification of, 25 (see also discrete-event
simulation approach)
complex call centre introduction, 25
simulation of, 27–8
throughput, 15, 86, 101, 103–5, 169–71, 205,
207, 210, 213, 228–30, 255–6,
312–17
cycle time and breakdowns impact on, 106
mean, 173
production facility to determine capability
of, 168
recorded by simulation cycles between two
steady-states, 171
throwaway model, 272, 276, 280
time-series, 171
of customer waiting times, 287
dependence, 138
inspection, 176–7, 179
of numbers of customers, 168–9
output data investigation, 172
of output from simulation of computer user
help desk, 174
scatter diagram of, 340
time-slicing approach/method
problems with, 23–4
simple telephone call centre simulation, 22–3
time study data, 124
time to complete the orders, 211–12
traces, 119
definition of, 125
obtained by collecting data from real system,
126
read by simulation, 125
vs empirical and statistical distributions,
134–7
transient output, 168–9, 171–2
triangular distribution, 134, 351

U
unified modelling language (UML), 156
uniform distribution, 133–4, 180
unpredictable variability, modelling, 36–7, 125,
138–9
user documentation, 154, 161, 163, 243, 273
user help desk model, 176–7, 183, 185–6,
191–3, 216 (see also non-terminating
simulations)
batch means data for, 208
confidence interval comparison between all
scenarios for, 219
confidence intervals for main and interaction
effects, 227
experimental design, 226
MSER applied to, 178
output statistics, 179
paired-t confidence interval for two scenarios
from, 216
results for five scenarios, 218
V
validation/validity of simulation model, 251,
255, 272, 278
aim of, 252
concepts in, 252
difficulties of, 255–7
forms of, 254
independent verification and validation
(IV&V) (see independent verification
and validation (IV&V))
meaning of, 252
methods of, 257–65
in simulation study, 253
variability, 9–12
variance reduction (antithetic variates), 188–90
verification of simulation model, 251, 253, 272
aim of, 252
difficulties of, 255–7
independent verification and validation
(IV&V) (see independent verification
and validation (IV&V))
meaning of, 252
methods of, 257–65
reference point is conceptual model, 254–5
verification, validation and accreditation
(VV&A), 265–6
viewing reports
data files, 341
dynamic display, 340
interactive reports, 340
third party software, 341
Visual Basic, 52
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visual checks method, 259–60
visual display, 49, 155
visual interactive modelling systems (VIMS),
53
visual interactive simulation (VIS) language,
48, 53, 61
benefits of, 51–2
of hospital operating theatre in SIMUL8, 50
introduced by Hurrion, 49
visual display showing animation of
model, 49
W
Wardeon Cinema case study, 98, 115, 149
conceptual modelling
assumptions of, 296
experimental factors, 295
level of detail, 295–6
modelling and general project objectives,
293–4
model outputs/responses, 294
problem situation, 291–3
scope of, 295
simplifications of, 296–7

experimentation of results
obtaining accurate results, 301–3
searching solution space, 303–9
model coding, 298
model data, 297–8
verification and validation, 298–301
warm-up period, 181, 194
determination of, 175–6
issues in determining, 179
length of, 175
marginal standard error rule (MSER)
(see marginal standard error rule
(MSER))
and simulation software, 179
time-series inspection, 176–7
vs initial conditions, 181–2
Weibull distribution, 130, 139, 347–8
what-if analysis process, 66–7
white-box validation, 156, 254–7,
259–60, 263–4 (see also black-box
validation)
Wikipedia, 53
windows technology, 49
world views (Weltanschauung), 256
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