SIMULATION MODELING

LEARNING OBJECTIVES

e To be able to describe what computer simulation is.

e To be able to discuss why simulation is an important analysis tool.

e To be able to list and describe the various types of computer simulations.
e To be able to describe a simulation methodology.

1.1 SIMULATION MODELING

In this book, you will learn how to model systems within a computer environment in order
to analyze system design configurations. The models that you will build and exercise are
called simulation models. When developing a simulation model, the modeler attempts to
represent the system in such a way that the representation assumes or mimics the pertinent
outward qualities of the system. This representation is called a simulation model. When you
execute the simulation model, you are performing a simulation. In other words, simulation
is an instantiation of the act of simulating. A simulation is often the next best thing to
observing the real system. If you have confidence in your simulation, you can use it to
infer how the real system will operate. You can then use your inference to understand and
improve the system’s performance.

In general, simulations can take on many forms. Almost everyone is familiar with the
board game Life™. In this game, the players imitate life by going to college, getting a job,
getting married, etc. and finally retiring. This board game is a simulation of life. As another
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2 SIMULATION MODELING

example, the military performs war game exercises which are simulations of battlefield
conditions. Both of these simulations involve a physical representation of the thing being
simulated. The board game, the rules, and the players represent the simulation model. The
battlefield, the rules of engagement, and the combatants are also physical representations.
No wishful thinking will make the simulations that you develop in this book real. This is the
first rule to remember about simulation. A simulation is only a model (representation) of the
real thing. You can make your simulations as realistic as time and technology allows, but
they are not the real thing. As you would never confuse a toy airplane with a real airplane,
you should never confuse a simulation of a system with the real system. You may laugh at
this analogy, but as you apply simulation to the real world, you will see analysts who forget
this rule. Don’t be one.

All the previous examples involved a physical representation or model (real things sim-
ulating other real things). In this book, you will develop computer models that simulate real
systems. Ravindran et al. [1987] defined computer simulation as “A numerical technique
for conducting experiments on a digital computer which involves logical and mathemati-
cal relationships that interact to describe the behavior of a system over time.” Computer
simulations provide an extra layer of abstraction from reality that allows fuller control of
the progression of and the interaction with the simulation. In addition, even though com-
puter simulations are one step removed from reality, they are often capable of providing
constructs which cannot be incorporated into physical simulations. For example, an air-
plane flight simulator can have emergency conditions for which it would be too dangerous
or costly to provide in a physical-based simulation training scenario. This representational
power of computer modeling is one of the main reasons why computer simulation is used.

1.2 WHY SIMULATE?

Imagine trying to analyze the following situation. Patients arrive at an emergency room.
The arrival of the patients to the emergency department occurs randomly and may vary with
the day of the week and even the hour of the day. The hospital has a triage station, where
the arriving patient’s condition is monitored. If the patient’s condition warrants immediate
attention, the patient is expedited to an emergency room bed to be attended by a doctor and
a nurse. In this case, the patient’s admitting information may be obtained from a relative.
If the patient does not require immediate attention, the patient goes through the admitting
process, where the patient’s information is obtained. The patient is then directed to the
waiting room, to wait for allocation to a room, a doctor, and a nurse. The doctors and nurses
within the emergency department must monitor the health of the patients by performing
tests and diagnosing the patient’s symptoms. This occurs on a periodic basis. As the patient
receives care, the patient may be moved to and require other facilities [magnetic resonance
imaging (MRI), X-ray, etc.]. Eventually, the patient is either discharged after receiving care
or admitted to the main hospital. The hospital is interested in conducting a study of the
emergency department in order to improve the care of the patients while better utilizing the
available resources. To investigate this situation, you might need to understand the behavior
of certain measures of performance:

e The average number of patients who are waiting.

o The average waiting time of the patients and their average total time in the emergency
department.
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e The average number of rooms required per hour.
e The average utilization of the doctors and nurses (and other equipment).

Because of the importance of emergency department operations, the hospital has
historical records available on the operation of the department through its patient tracking
system. With these records, you might be able to estimate the current performance of
the emergency department. Despite the availability of this information, when conducting
a study of the emergency department, you might want to propose changes to how the
department will operate (e.g., staffing levels) in the future. Thus, you are faced with trying
to predict the future behavior of the system and its performance when making changes to
the system. In this situation, you cannot realistically experiment with the actual system
without possibly endangering the lives or care of the patients. Thus, it would be better to
model the system and test the effect of changes on the model. If the model has acceptable
fidelity, then you can infer how the changes will affect the real system. This is where
simulation techniques can be utilized.

If you are familiar with operations research and industrial engineering techniques, you
may be thinking that the emergency department can be analyzed by using queuing mod-
els. Later chapters of this book will present more about queuing models; however, for the
present situation, the application of queuing models will most likely be inadequate due
to the complex policies for allocating nurses, doctors, and beds to the patients. In addition,
the dynamic nature of this system (the non-stationary arrivals, changing staffing levels, etc.)
cannot be well modeled with current analytical queuing models. Queuing models might be
used to analyze portions of the system, but a total analysis of the dynamic behavior of the
entire system is beyond the capability of these types of models. But, a total analysis of the
system is not beyond simulation modeling.

A key advantage of simulation modeling is that it has the capability of modeling the
entire system and its complex interrelationships. The representational power of simula-
tion provides the flexible modeling that is required for capturing complex processes. As
a result, all the important interactions among the different components of the system can
be accounted for within the model. The modeling of these interactions is inherent in sim-
ulation modeling because simulation imitates the behavior of the real system (as closely
as necessary). The prediction of the future behavior of the system is then achieved by
monitoring the behavior of different modeling scenarios as a function of simulated time.
Real-world systems are often too complex for analytical models and often too expensive
to experiment with directly. Simulation models allow the modeling of this complexity and
enable low cost experimentation to make inferences about how the actual system might
behave.

1.3 TYPES OF COMPUTER SIMULATION

The main purpose of a simulation model is to allow observations about a particular system
to be collected as a function of time. So far the word system has been used in much of
the discussion, without formally discussing what a system is. According to Blanchard
and Fabrycky [1990], a system is a set of interrelated components working together
toward a common objective. The standard for systems engineering provides a deeper
definition:
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“A system is a composite of people, products, and processes that provide a capability to satisfy
stated needs. A complete system includes the facilities, equipment (hardware and software),
materials, services, data, skilled personnel, and techniques required to achieve, provide, and
sustain system effectiveness.” Air Force Systems Command (1991)

Figure 1.1 illustrates the fact that a system is embedded within an environment and that
typically a system requires inputs and produces output using internal components. How you
model a particular system will depend on the intended use of the model and how you per-
ceive the system. The modeler’s view of the system colors how they conceptualize it. For
example, for the emergency room situation, “What are the system boundaries? Should the
ambulance dispatching and delivery process be modeled? Should the details of the operating
room be modeled?” Clearly, the emergency room has these components, but your concep-
tualization of it as a system may or may not include these items, and thus, your decisions
regarding how to conceptualize the system will drive the level of abstraction within your
modeling. An important point to remember is that two perfectly logical and rational people
can look at the same thing and conceptualize that thing as two entirely different systems
based on their “Weltanschauung” or world view.

Because how you conceptualize a system drives your modeling, it is useful to discuss
some general system classifications. Systems might be classified by whether or not they
are man-made (e.g., manufacturing system) or whether they are natural (e.g., solar system).
A system can be physical (e.g., an airport) or conceptual (e.g., a system of equations). If
stochastic or random behavior is an important component of the system, then the system is
said to be stochastic; if not, then it is considered deterministic. One of the more useful ways
to look at a system is whether it changes with respect to time. If a system does not change
significantly with respect to time, it is said to be static, else it is called dynamic. If a system
is dynamic, you might want to consider how it evolves with respect to time. A dynamic
system is said to be discrete if the state of the system changes at discrete points in time. A
dynamic system is said to be continuous if the state of the system changes continuously with
time. This dichotomy is purely a function of your level of abstraction. If conceptualizing
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Figure 1.1 A conceptualization of a system.
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Figure 1.2 General types of systems.

a system as discrete, serves our purposes, then you can call the system discrete. Figure 1.2
illustrates this classification of systems. This book primarily examines stochastic, dynamic,
discrete systems.

The main purpose of a simulation model is to allow observations about a particular sys-
tem to be gathered as a function of time. From that standpoint, there are two distinct types
of simulation models: (i) discrete event and (ii) continuous.

Just as discrete systems change at discrete points in time, in a discrete-event simulation,
observations are gathered at selected points in time when certain changes take place in
the system. These selected points in time are called events. On the other hand, continuous
simulation requires that observations be collected continuously at every point in time (or at
least that the system is described for all points in time). The types of models to be examined
in this book are called discrete-event simulation models.

To illustrate the difference between the two types of simulation models, contrast a fast
food service counter with that of oil loading facility that is filling tankers. In the fast food
service counter system, changes in the status of the system occur either when a customer
arrives to place an order or when the customer receives their food. At these two events,
measures such as queue length and waiting time will be affected. At all the other points
in time, these measures remain either unchanged (e.g., queue length) or not yet ready for
observation (e.g., waiting time of the customer). For this reason, the system does not need
to be observed on a continuous basis. The system need only be observed at selected discrete
points in time, resulting in the applicability of a discrete-event simulation model.

In the case of the oil tanker loading example, one of the measures of performance is
the amount of oil in each tanker. Because the oil is a liquid, it cannot be readily divided
into discrete components. That is, it flows continuously into the tanker. It is not necessary
(or practical) to track each molecule of oil individually when you only care about the level
of the oil in the tanker. In this case, a model of the system must describe the rate of flow
over time and the output of the model is presented as a function of time. Systems such
as these are often modeled using differential equations. The solution of these equations
involves numerical methods that integrate the state of the modeled system over time. This,
in essence, involves dividing time into small equal intervals and stepping through time.

Often both the discrete and continuous viewpoints are relevant in modeling a system. For
example, if oil tanker arrives at the port to be filled, we have an arrival event that changes
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the state of the system. This type of modeling situation is called combined continuous dis-
crete modeling. Some simulation languages have modeling constructs for both continuous
and discrete modeling; however, this book does not cover the modeling of continuous or
combined continuous discrete systems. There are many useful references on this topic. The
focus of this book will be on discrete-event modeling.

1.4 SIMULATION: DESCRIPTIVE OR PRESCRIPTIVE MODELING?

A descriptive model describes how a system behaves. Simulation is at its heart a descrip-
tive modeling technique. Simulation is used to depict the behaviors or characteristics of
existing or proposed systems. However, a key use of simulation is to convey the required
behaviors or properties of a proposed system. In this situation, simulation is used to pre-
scribe a solution. A prescriptive model tells us what to do. In other words, simulation can
also be used for prescriptive modeling. Figure 1.3 illustrates the concept of using simulation
to recommend a solution.

In the figure, a simulation model is used for predicting the behavior of the system. Input
models are used to characterize the system and its environment. An evaluative model is
used to evaluate the output of the simulation model to understand how the output compares
to desired goals. The alternative generator is used to generate different scenarios to be fed
into the simulation model for evaluation. Through a feedback mechanism the inputs can be
changed based on the evaluation of the outputs and eventually a recommended solution can
be achieved.

For example, in modeling a drive up pharmacy, suppose that the probability of a customer
waiting longer than 3 minutes in line had to be less than 10%. To form design alternatives,
the inputs (e.g., number of pharmacists, possibly the service process) can be varied. Each
alternative can then be evaluated to see if the waiting time criteria are met. In this simple
situation, you might act as your own alternative generator and the evaluative model is as
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Figure 1.3 Using simulation for prescriptive analysis.
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simple as meeting a criteria; however, in more complex models, there will often be hun-
dreds of inputs to vary and multiple competing objectives. In such situations, simulation
optimization and heuristic search methods are often used. This is an active and important
area of research within simulation.

1.5 RANDOMNESS IN SIMULATION

In most real-life situations, the arrival process and the service process occur in a random
manner. Even though the processes may be random, it does not mean that you cannot
describe or model the randomness. To have any hope of simulating the situation, you must
be able to model the randomness. One of the ways to model this randomness is to describe
the phenomenon as a random variable governed by a particular probability distribution.
For example, if the arrivals to the bank occur according to a Poisson process, then from
probability theory, it is known that the distribution of interarrival times is an exponential
distribution. In general, information about how the customers arrive must be secured either
through direct observation of the system or by using historical data. If neither source of
information is available, then some plausible assumptions must be made to describe the
random process by a probability model.

If historical data is available, there are two basic choices for how to handle the modeling.
The first choice is to develop a probability model, given the data. The second choice is
to try to drive the simulation directly from the historical data. The latter approach is not
recommended. First of all, it is extremely unlikely that the captured data will be in a directly
usable form. Secondly, it is even more unlikely that the data will be able to adequately
represent all the modeling scenarios that you will need through the course of experimenting
with the model. For example, suppose that you only have 1 day’s worth of arrival data,
but you need to simulate a month’s worth of system operation. If you simply redrive your
simulation using the 1 day’s worth of data, you are not simulating different days! It is
much more advisable to develop probability models either from historical data or from data
that you capture in developing your model. Chapter 6 will discuss some of the tools and
techniques for modeling probability distributions.

Once a probability model has been developed, statistical theory provides the means for
obtaining random samples based on the use of uniformly distributed random numbers on
the interval (0,1). These random samples are then used to map the future occurrence of an
event on the time scale. For example, if the interarrival time is exponential, then a random
sample drawn from that distribution would represent the time interval until the occurrence
of the next arrival. The process of generating random numbers and random variables within
simulation will be discussed in Chapter 2.

1.6 SIMULATION LANGUAGES

Discrete-event simulation normally involves a tremendous volume of computation. Con-
sequently, the use of computers to carry out these computations is essential; however, the
volume of computations is not the only obstacle in simulation. If you consider the bank teller
example discussed in the previous sections, you will discover that it involves a complex logi-
cal structure that requires special expertise before it can be translated into a computer model.
Attempting to implement the simulation model, from scratch, in a general-purpose language
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such as FORTRAN, Visual Basic, C/C++, or Java will require above-average programming
skills. In the absence of specialized libraries for these languages that try to relieve the user
from some of the burden, simulation as a tool would be relegated to “elite” programmers.
Luckily, the repetitive nature of computations in simulation allows the development of com-
puter libraries that are applicable to simulation modeling situations. For example, libraries
or packages must be available for ordering and processing events chronologically, as well
as generating random numbers and automatically collecting statistics. Such a library for
simulating discrete-event systems in Java is available from the author, see Rossetti [2008].

The computational power and storage capacity of computers have motivated the devel-
opment of specialized simulation languages. Some languages have been developed for
continuous or discrete simulations. Others can be used for combined continuous and dis-
crete modeling. All simulation languages provide certain standard programming facilities
and will differ in how the user will take advantage of these facilities. There is normally some
trade-off between how flexible the language is in representing certain modeling situations.
Usually, languages that are highly flexible in representing complex situations require more
work (and care) by the user to account for how the model logic is developed. Some lan-
guages are more programming oriented (e.g., SIMSCRIPT™) and others are more “drag
and drop” (e.g., ProModel™, Arena™).

The choice of a simulation language is a difficult one. There are many competing lan-
guages, each having their own advantages and disadvantages. The Institute for Operations
Research and Management Science (INFORMS) often has a yearly product review cov-
ering commercial simulation languages, see, for example, http://lionhrtpub.com/orms/. In
addition to this useful comparison, you should examine the Winter Simulation Conference
(www.wintersim.org). The conference has hands on exhibits of simulation software and
the conference proceedings often have tutorials for the various software packages. Past
proceedings have been made available electronically through the generous support of the
INFORMS Society for Simulation (http://www.informs-sim.org/wscpapers.html).

Arena™ was chosen for this textbook because of the author’s experience utilizing the
software, its ease of use, and the availability of student versions of the software. While
all languages have flaws, using a simulation language is essential in performing high per-
formance simulation studies. Most, if not all simulation companies have strong support to
assist the user in learning their software. Arena™ has a strong academic and industrial user
base and is very competitive in the simulation marketplace. Once you learn one simula-
tion language well, it is much easier to switch to other languages and to understand which
languages will be more appropriate for certain modeling situations.

Arena™ is fundamentally a process-description-based language. That is, when using
Arena™, the modeler describes the process that an “entity” experiences while flowing
through or using the elements of the system. You will learn about how Arena™ facilitates
process modeling throughout this textbook.

1.7 SIMULATION METHODOLOGY

This section presents a brief overview of the steps of simulation modeling by discussing
the process in the context of a methodology. A methodology is simply a series of steps to
follow. Since simulation involves systems modeling, a simulation methodology based on
the general precepts of solving a problem through systems analysis is presented here. A
general methodology for solving problems can be stated as follows:
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Define the problem.

Establish measures of performance for evaluation.
Generate alternative solutions.

Rank alternative solutions.

Evaluate and iterate during process.

AN

Execute and evaluate the solution.

This methodology can be referred to by using the first letter of each step. The DEGREE
methodology for problem solving represents a series of steps that can be used during the
problem-solving process. The first step helps to ensure that you are solving the right prob-
lem. The second step helps to ensure that you are solving the problem for the right reason,
that is, your metrics must be coherent with your problem. Steps 3 and 4 ensure that the
analyst looks at and evaluates multiple solutions to the problem. In other words, these steps
help to ensure that you develop the right solution to the problem. A good methodology
recognizes that the analyst needs to evaluate how well the methodology is doing. In step 5,
the analyst evaluates how the process is proceeding and allows for iteration. Iteration is an
important concept that is foreign to many modelers. The concept of iteration recognizes that
the problem-solving process can be repeated until the desired degree of modeling fidelity
has been achieved. Start the modeling at a level that allows it to be initiated and do not
try to address the entire situation in each of the steps. Start with small models that work
and build them up until you have reached your desired goals. It is important to get started
and get something established on each step and continually go back in order to ensure that
the model is representing reality in the way that you intended. The final step is often over
looked. Simulation is often used to recommend a solution to a problem. Step 6 indicates that
if you have the opportunity, you should execute the solution by implementing the decisions.
Finally, you should always follow up to ensure that the projected benefits of the solution
were obtained.

The DEGREE problem-solving methodology should serve you well; however, simu-
lation involves certain unique actions that must be performed during the general overall
problem-solving process. When applying DEGREE to a problem that may require sim-
ulation, the general DEGREE approach needs to be modified to explicitly consider how
simulation will interact with the overall problem-solving process.

Figure 1.4 represents a refined general methodology for applying simulation to problem
solving.

1. Problem formulation

(a) Define the problem

(b) Define the system

(c) Establish performance metrics

(d) Build conceptual model

(e) Document model assumptions
2. Simulation model building

(a) Model translation

(b) Input data modeling

(¢) Verification

(d) Validation
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Figure 1.4 General simulation methodology

3. Experimental design and analysis
(a) Preliminary runs
(b) Final experiments
(c) Analysis of results
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4. Evaluate and iterate

(a) Documentation
(b) Model manual
(¢) User manual

5. Implementation

The first phase, problem formulation, captures the essence of the first two steps in the
DEGREE process. The second phase, model building, captures the essence of step 3 of the
DEGREE process. When building models, you are either explicitly or implicitly developing
certain design alternatives. The third phase, experimental design and analysis, encapsulates
some of steps 3 and 4 of the DEGREE process. In designing experiments, design alterna-
tives are specified, and when analyzing experiments, their worth is being evaluated with
respect to problem objectives. The fourth phase, evaluate and iterate, captures the notion of
iteration. Finally, the fifth and sixth phases, documentation and implementation complete
the simulation process. Documentation is essential when trying to ensure the ongoing and
future use of the simulation model, and implementation recognizes that simulation projects
often fail if there is no follow through on the recommended solutions.

The problem formulation phase of the study consists of five primary activities:

Defining the problem.

Defining the system.

Establishing performance metrics.
Building conceptual models.

AN

Documenting modeling assumptions.

A problem starts with a perceived need. These activities are useful in developing an
appreciation for and an understanding of what needs to be solved. The basic output of the
problem definition activity is a problem definition statement. A problem definition state-
ment is a narrative discussion of the problem. A problem definition statement is necessary
to accurately and concisely represent the problem for the analyst and the problem stakehold-
ers. This should include all the required assumptions made during the modeling process.
It is important to document your assumptions so that you can examine their effect on the
model during the verification, validation, and experimental analysis steps of the method-
ology. This ensures that the problem is well understood and that all parties agree on the
nature of the problem and the goals of the study. The general goals of a simulation study
often include the following.

e Comparison. To compare system alternatives and their performance measures across
various factors (decision variables) with respect to some objectives.

e Optimization. This is a special case of comparison in which you try to find the system
configuration that optimizes performance subject to constraints.

e Prediction. To predict the behavior of the system at some future point in time.

e [nvestigation. To learn about and gain insight into the behavior of the system, given
various inputs.



12 SIMULATION MODELING

These general goals will need to be specialized to the problem under study. The problem
definition should include a detailed description of the objectives of the study, the desired
outputs from the model, and the types of scenarios to be examined or decisions to be made.

The second activity of this phase produces a definition of the system. A system defini-
tion statement is necessary to accurately and concisely define the system, particularly its
boundaries. The system definition statement is a narrative, which often contains a pictorial
representation of the major elements of the system. This ensures that the simulation study
is focused on the appropriate areas of interest to the stakeholders and that the scope of the
project is well understood.

When defining the problem and the system, one should naturally begin to develop
an understanding of how to measure system performance. The third activity of problem
formulation makes this explicit by encouraging the analyst to define the required perfor-
mance measures for the model. To meaningfully compare alternative scenarios, objective
and measurable metrics describing the performance of the system are necessary. The
performance metrics should include quantitative statistical measures from any models
used in the analysis (e.g., simulation models), quantitative measures from the systems
analysis (e.g., cost/benefits), and qualitative assessments (e.g., technical feasibility, human,
operational feasibility). The focus should be placed on the performance measures that
are considered to be the most important to system decision makers and tied directly to
the objectives of the simulation study. Evaluation of alternatives can then proceed in an
objective and unbiased manner to determine which system scenario performs the best
according to the decision maker’s preferences.

The problem definition statement, the system definition statement, and explicit perfor-
mance metrics set the stage for more detailed modeling. These activities should be captured
in a written form. Within this text, you will develop models of certain “ready-made” book
problems. One way to accomplish the problem formulation phase of a simulation study is
to consider writing yourself a “book problem.” You will need enough detail in these docu-
ments that a simulation analyst (you) can develop a model in any simulation language for
the given situation. The example problem in Chapter 11 represents an excellent sample of
problem and system definition statements. If you have the opportunity to do a “real-life”
project as a part of your study of simulation, you might want to utilize the book problems
in this text and the example in Chapter 11 for how to write reasonable problem/system
definition statements.

With a good understanding of the problem and the system under study, you should be
ready to begin your detailed model formulations. Model formulation does not mean a com-
puter program. You should instead use conceptual modeling tools: conceptual diagrams,
flow charts, etc. prior to any use of software to implement a model. The purpose of con-
ceptual modeling tools is to convey a more detailed system description so that the model
may be translated into a computer representation. General descriptions help to highlight
the areas and processes of the system that the model will simulate. Detailed descriptions
assist in simulation model development and coding efforts. Some relevant diagramming
constructs include the following:

1. Context Diagrams. A context diagram assists in conveying the general system
description. The diagram is a pictorial representation of the system that often
includes flow patterns typically encountered. Context diagrams are often part of the
system description document. There are no rules for developing context diagrams. If
you have an artistic side, here is your opportunity to shine!
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2. Activity Diagrams. An activity diagram is a pictorial representation of the process for
an entity and its interaction with resources while within the system. If the entity is
a temporary entity (i.e., it flows through the system), the activity diagram is called
an activity flow diagram. If the entity is permanent (i.e., it remains in the system
throughout its life), the activity diagram is called an activity cycle diagram. Activity
diagrams will be used extensively within this text.

3. Software Engineering Diagrams. Because simulation entails software development,
the wide variety of software engineering diagramming techniques can be utilized to
provide information for the model builder. Diagrams such as flow charts, database
diagrams, IDEF (ICAM Definition language) diagrams, UML (unified modeling lan-
guage) diagrams, and state charts are all useful in documenting complex modeling
situations. These techniques assist development and coding efforts by focusing atten-
tion on describing, and thus understanding, the elements within the system. Within
this text, activity diagrams will be augmented with some simple flow chart symbols
and some simple state diagrams will be used to illustrate a variety of concepts.

In your modeling, you should start with an easy conceptual model that captures the basic
aspects and behaviors of the system. Then, you should begin to add details, considering
additional functionality. Finally, you should always remember that the complexity of the
model has to remain proportional to the quality of the available data and the degree of
validity necessary to meet the objectives of the study. In other words, do not try to model
the world!

After developing a solid conceptual model of the situation, simulation model building
can begin. During the simulation model building phase, alternative system design config-
urations are developed based on the previously developed conceptual models. Additional
project planning is also performed to yield specifications for the equipment, resources, and
timing required for the development of the simulation models. The simulation models used
to evaluate the alternative solutions are then developed, verified, validated, and prepared
for analysis. Within the context of a simulation project, this process includes the following.

e [nput Data Preparation. Input data is analyzed to determine the nature of the data
and further data collection needs. Necessary data is also classified into several areas.
This classification establishes different aspects of the model that are used in model
development.

e Model Translation. Description of the procedure for coding the model, including tim-
ing and general procedures and the translation of the conceptual models into computer
simulation program representations.

e Verification. Verification of the computer simulation model is performed to deter-
mine whether or not the program performs as intended. To perform model verifi-
cation, model debugging is performed to locate any errors in the simulation code.
Errors of particular importance include improper flow control or entity creation, fail-
ure to release resources, and logical/arithmetic errors or incorrectly observed statis-
tics. Model debugging also includes scenario repetition utilizing identical random
number seeds, “stressing” the model through a sensitivity analysis (varying factors
and their levels) to ensure compliance with anticipated behavior, and testing of indi-
vidual modules within the simulation code.

e Validation. Validation of the simulation model is performed to determine whether or
not the simulation model adequately represents the real system. The simulation model
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is shown to personnel (of various levels) associated with the system in question. Their
input concerning the realism of the model is critical in establishing the validity of the
simulation. In addition, further observations of the system are performed to ensure
model validity with respect to actual system performance. A simple technique is to
statistically compare the output of the simulation model to the output from the real
system and to analyze whether there is a significant (and practical) difference between
the two.

Model translation will be a large component of each chapter as you learn how to develop
simulation models. Verification and validation techniques will not be a major component
of this text, primarily because the models will be examples made for educational purposes.
This does not mean that you should ignore this important topic. You are encouraged to
examine many of the useful references on validation, see, for example, Balci [1997] and
Balci [1998a].

After you are confident that your model has been verified and validated to suit your pur-
poses, you can begin to use the model to perform experiments that investigate the goals and
objectives of the project. Preliminary simulation experiments should be performed to set
the statistical parameters associated with the main experimental study. The experimental
method should use the simulation model to generate benchmark statistics of current sys-
tem operations. The simulation model is then altered to conform to a potential scenario
and is rerun to generate comparative statistics. This process is continued, cycling through
suggested scenarios and generating comparative statistics to allow evaluation of alternative
solutions. In this manner, objective assessments of alternative scenarios can be made.

For a small set of alternatives, this “one at a time” approach is reasonable; however,
often there are a significant number of design factors that can affect the performance of the
model. In this situation, the analyst should consider utilizing formal experimental design
techniques. This step should include a detailed specification of the experimental design
(e.g., factorial) and any advanced output analysis techniques (e.g., batching, initialization
bias prevention, variance reduction techniques, and multiple comparison procedures) that
may be required during the execution of the experiments. During this step of the process, any
quantitative models developed during the previous steps are exercised. Within the context
of a simulation project, the computer simulation model is exercised at each of the design
points within the stipulated experimental design.

Utilizing the criteria specified by system decision makers, and utilizing the simulation
model’s statistical results, alternative scenarios should then be analyzed and ranked. A
methodology should be used to allow the comparison of the scenarios that have multiple
performance measures that trade-off against each other.

If you are satisfied that the simulation has achieved your objectives, then you should
document and implement the recommended solutions. If not, you can iterate as necessary
and determine if any additional data, models, experimentation, or analysis is needed to
achieve your modeling objectives. Good documentation should consist of at least two parts:
a technical manual, which can be used by the same analyst or by other analysts, and a user
manual. A good technical manual is very useful when the project has to be modified, and it
can be a very important contribution to software reusability and portability. The approach to
document the example models in this text can be used as an example for how to document
your models. In addition to good model development documentation, often the simulation
model will be used by non-analysts. In this situation, a good user manual for how to use
and exercise the model is imperative. The user manual is a product for the user who may
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not be an expert in programming or simulation issues; therefore, clearness and simplicity
should be its main characteristics. If within the scope of the project, the analyst should also
develop implementation plans and follow through with the installation and integration of
the proposed solutions. After implementation, the project should be evaluated as to whether
or not the proposed solution met the intended objectives.

1.8 ORGANIZATION OF THE BOOK

This chapter introduced some of the basic concepts in simulation. Chapter 2 presents the
mathematical basis for random number generation and for generating random variables
from probability distributions. Chapter 3 will expand on the topic of modeling randomness
within simulation within a spreadsheet environment. Chapter 4 will begin our exploration of
discrete-event simulation and introduce you to the key modeling tool, Arena™. Chapter 5
present the details of process modeling within Arena™. After these five chapters, you
should be able to model a variety of interesting systems. Good simulation models are based
on modeling the data that drives the simulation with probability models. Chapter 6 describes
the basic processes for modeling simulation input distributions. Whenever a simulation uti-
lizes probability models for input parameters, it will also produce output that is random.
Chapter 7 examines some of the statistical issues involved in analyzing simulation output
data. You will also see how Arena™ makes this analysis easier for the user. These first
seven chapters will enable you to build and analyze models using appropriate statistical
methods.

The rest of the book focuses on building deeper modeling skills. Chapter 8 then examines
some common modeling situation involving queues and inventory systems. The modeling
of situations involving material handling systems is presented in Chapter 9. Then Chapter 10
discusses some miscellaneous topics in simulation modeling and examines some of the
programming capabilities of Arena™. The final chapter illustrates the use of simulation on
a practical case study. Through this study you will have a solid foundation for understanding
what it takes to model more realistic systems found in practice.

Simulation is a tool that can assist analysts in improving system performance. There are
many other aspects of simulation besides Arena™ that will be considered within this text.
I hope that you will find this a useful and interesting experience.

EXERCISES

1.1 Using the resources at http://www.informs-sim.org/wscpapers.html, find an applica-
tion of simulation to a real system and discuss why simulation was important to the
analysis.

1.2 Read the paper: Balci [1998b]. (http://www.informs-cs.org/wsc98papers/006.PDF)
and discuss the difference between verification and validation. Why is the verification
and validation of a simulation model important?

1.3 Customers arrive to a gas station with two pumps. Each pump can reasonably accom-
modate a total of two cars. If all the space for the cars is full, potential customers
will balk (leave without getting gas). What measures of performance will be useful
in evaluating the effectiveness of the gas station? Describe how you would collect the
interarrival and service times of the customers necessary to simulate this system.
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1.4

1.5

1.6

1.7

1.8

1.9

1.10

SIMULATION MODELING

Classify the systems as being either discrete or continuous:
(a) Electrical capacitor (You are interested in modeling the amount of current in a
capacitor at any time ?).

(b) On-line gaming system. (You are interested in modeling the number of people
playing Halo 4 at any time ¢.)

(c) An airport. (You are interested in modeling the percentage of flights that depart
late on any given day).

Classify the systems as being either discrete or continuous:

(a) Parking lot

(b) Level of gas in Fayetteville shale deposit

(c) Printed circuit board manufacturing facility

Classify the systems as being either discrete or continuous:

(a) Elevator system (You are interested in modeling the number of people waiting on
each floor and traveling within the elevators.)

(b) Judicial system (You are interested in modeling the number of cases waiting for
trial.)

(c) The in-air flight path of an airplane as it moves from an origin to a destination.
What is model conceptualization? Give an example of something that might be pro-
duced during model conceptualization.

The act of implementing the model in computer code, including timing and general
procedures and the representation of the conceptual model into a computer simulation
program is called

Which of the following does the problem formulation phase of simulation not
include?

(a) Define the system

(b) Establish performance metrics

(¢) Verification

(d) Build conceptual models

The general goals of a simulation study often include (a) of system alterna-
tives and their performance measures across various factors (decision variables) with
respect to some objectives. (b) of system behavior at some future point
in time.

True or False Verification of the simulation model is performed to determine whether
the simulation model adequately represents the real system.



