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ABSTRACT In this paper we will be discussing the art and science
of moving a modeled system through time. Simulation is
This introductory tutorial presents an over view of the the next best thing to observing a real system in opera-
process of conducting a simulation study of any discrete tion since it allows us to study the situation even though we
system. The basic viewpoint is that conducting such a are unable to experiment directly with the real system,
study requires both art and science. Some of the issueseither because the system does not yet exist or because it is
addressed are how to get started, the steps to be followed}oo difficult or expensive to directly manipulate it.
the issues to be faced at each step, the potential pitfalls We consider simulation to include both the
occurring at each step, and the most common causes ofconstruction of the model and the experimental use of the

failures. model for studying a problem. Thus, we can think of
simulation modeling as an experimental and applied
1 INTRODUCTION methodology, which seeks to:

¢ Describe the behavior of a system.

Simulation is one of the most powerful tools available to & Use the model to predict future behavior, i.e. the
decision-makers responsible for the design and operation effects that will be produced by changes in the system
of complex processes and systems. It makes possible the or in its method of operation.
study, analysis and evaluation of situations that would not
be otherwise possible. In an increasingly competitive 2 ADVANTAGES AND DISADVANTAGES
world, simulation has become an indispensable problem
solving methodology for engineers, designers and Simulation has a number of advantages over analytical or
managers. mathematical models for analyzing systems. First of all,

We will define simulation athe process of designing  the basic concept of simulation is easy to comprehend and
a model of a real system and conducting experiments with hence often easier to justify to management or customers
this model for the purpose of understanding the behavior of than some of the analytical models. In addition, a
the system and /or evaluating various strategies for the simulation model may be more credible because it's
operation of the system.Thus it is critical that the model  pehavior has been compared to that of the real system or
be designed in such a way that the model behavior mimics pecause it requires fewer simplifying assumptions and
the response behavior of the real system to events that takéhence captures more of the true characteristics of the

place over time. system under study. Additional advantages include:

The term'smodeland systemare key components of 4 \We can test new designs, layouts, etc. without
our definition of simulation. By amodel we mean a committing resources to their implementation.
representation of a group of objects or ideas in some formy |t can be used to explore new staffing policies,
other than that of the entity itself. Bysgstemwe mean a operating procedures, decision rules, organizational
group or collection of interrelated elements that cooperate structures, information flows, etc. without disrupting
to accomplish some stated objective. One of the real the ongoing operations.

strengths of simulation is the fact that we can simulate ,
systems that already exist as well as those that are capable
of being brought into existence, i.e. those in the
preliminary or planning stage of development.

Simulation allows us to identify bottlenecks in
information, material and product flows and test
options for increasing the flow rates.

¢ It allows us to test hypothesis about how or why
certain phenomena occur in the system.
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¢ Simulation allows us to control time. Thus we can have made the computer skills required less important than
operate the system for several months or years of they once were.
experience in a matter of seconds allowing us to It is important to realize that knowledge of a
quickly look at long time horizons or we can slow simulation software package does not make someone a
down phenomena for study. simulationist any more than knowing FORTRAN makes

¢ It allows us to gain insights into how a modeled oOne a mathematician. As stated eark#mulation is both
system actually works and understanding of which an art and a science. The programming and statistical
variables are most important to performance. components are the science part. But the analysis and

¢ Simulation's great strength is its ability to let us modeling components are the art. For example, questions
experiment with new and unfamiliar situations and to such as how much detail to include in the model or how to

answer "what if* questions. represent a certain phenomena or what alternatives to
evaluate are all a part of the art.
Even though simulation has many strengths and How does one learn an art? ~ Suppose you want to

advantages, it is not without drawbacks. Among these are: learn how to do oil portraiture. ~We could teach you the
science of oil painting such as perspective, shading, color
¢ Simulation modeling is an art that requires specialized Mixture etc.(computer programming, —statistics and
training and therefore skill levels of practitioners vary Software packages). But you would still not be able to do
widely. The utility of the study depends upon the creditable oil portraits. We could take you to the museums
quality of the model and the skill of the modeler. and show you the paintings of the Masters and point out
¢ Gathering highly reliable input data can be time the techniques used (studying other people’s models). But
consuming and the resulting data is sometimes highly YOU would still have only minimal ability to do acceptable

questionable. Simulation cannot compensate for Portraits. o
inadequate data or poor management decisions. If you want to become proficient in an art you must

¢ Simulation models are input-output models, i.e. they takg up the' tools (palette, canvas, pf';unt and brushes) and
yield the probable output of a system for a given input. begin to paint. As you do so, you will begin to see what

They are therefore "run" rather than solved. They do works gnd what doesn't. The' same thing Is true in
not yield an optimal solution, rather they serve as a simulation. You learn the art of simulation by simulating.

tool for analysis of the behavior of a system under I-_|aving a mentor to hel_p show you the way can shorten the
conditions specified by the experimenter. time and effort. This is why many companies choose to

get started in simulation by using a combination of

3 THE SIMULATION TEAM consultants and internal trainees.
Although some small simulation studies are conducted by 4 ASIMULATION CONCEPT
an individual analyst, most are conducted by a team. This . . .
is due to the need for the variety of skills required for the Although th_ere are S_e"_e“'?" different types of S|mulat|(_3n
study of complex systems. First of all we need people who methodologles, we WI|| limit our concerns to a stochastic,
know and understand the system being studied. These aréj|screte, process _onented approach. In S.UCh an approach,
usually the designers, systems, manufacturing or process"ve_modeI a particular system by studying _the flow of
engineers. But it may also be the managers, project leader&ntities that_move through_that SySte”_‘- Entlt!es can be
and/or operational personnel who will use the results. customers,pb orders, part|culqr parts, information packets,
Secondly we will have to have people who know how to etc. An entity can bg any object that enters the system,
formulate and model the system as well as program the moves through a Series of Processes, .and then Ieavclas.the
model (simulation specialists). These members will also system. Th(_ese entities can have m@wduql charaqtenshcs
need data collection and statistical skills. W.h'Ch we wﬂl_t_:allattr_lputes Ar} attnbutg IS assqmated
The first category of personnel must of necessity be with th? specific, mdwujua_ll entity. Attrlbutgs might b_e
internal i.e. members of the organization for whom the such things as name, priority, due date, required CPU time,

study is being conducted. If we do not have people in the ailment, account number etc.

second category, we have several choices. We can: (a) hire AS thdebentity flowrésthrough the system, it W”PIT be
people with the necessary skills, (b) contract the modeling processed by a seriesrefources.Resources are anything

to outside consultants, (c) train some of our own people, or that the entity needs in order to be processeq. For e_xample,
(d) some combination of the above. If we choose to train resources might be \_/vorkers, material handling equipment,
some of our own people, it is important to note that data special tools, a hospital bed, access to the CPU, a machine,

collection and statistical skills are probably more important Waiting or storage space, etc. Resources may be fixed in
than programming skills. The new simulation packages one location (e.g. a heavy machine, bank teller, hospital
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bed) or moving about the system (e.g. a forklift, repairman, believable and representative of the output of the real
doctor). system.
A simulation model is therefore a computer program 9. Final Experimental Design Designing an

which represents the logic of the system as entities with experiment that will yield the desired information and
attributes arrive, join queues to await the assignment of determining how each of the test runs specified in the
required resources, are processed by the resources, released experimental design is to be executed.

and exit the system. In addition to the logic of how an 10. Experimentation. Executing the simulation to
entity flows through the system, the computer program generate the desired data and to perform sensitivity
keeps track of and advances time, as well as keeping track  analysis.

of resource utilization, time spent in queues, time in the 11. Analysis and Interpretation. Drawing inferences
system (processing time), and other desired statistics. from the data generated by the simulation runs.

Much of what happens in the system is probabilistic or 12. Implementation and Documentation Reporting the
stochastic in nature. For example the time between results, putting the results to use, recording the
arrivals, the time for a resource to process the entity, the findings, and documenting the model and its use.
time to travel from one part of the system to another and
whether a part passes inspection or not, are usually alllt is important for the inexperienced modeler to understand
random variables. It is these types of data for input to the that the longer you wait to start step 7, the faster you will

model that are difficult to obtain. complete the model and the project - assuming of course,
that you spend that time understanding the problem,
5 THE SIMULATION PROCESS designing the model and designing the experiments to be

run. Computer Scientists have devoted a great deal of
The essence or purpose of simulation modeling is to help effort to "software engineering” and have developed design
the ultimate decision-maker solve a problem. Therefore, to and management methods aimed at yielding rapid
learn to be a good simulation modeler, you must merge programs while minimizing errors. One of the major ideas
good problem solving techniques with good software that have emerged from this effort is the validity of the
engineering practice. We can identify the following steps, "40-20-40 Rule." This rule states that 40 percent of the
which should be present in any simulation study: effort and time in a project should be devoted to Steps 1
1. Problem Definition. Clearly defining the goals of the  through 6, 20 percent to step 7, and the remaining 40
study so that we know the purpose, i.e. why are we percent to steps 8 through 12 (Sheppard 1983, McKay
studying this problem and what questions do we hope et.al. 1986).

to answer?
2. Project Planning. Being sure that we have sufficient 6 PROBLEM DEFINITION AND PROJECT
and appropriate personnel, management support, PLANNING
computer hardware and software resources to do the
job. Experience indicates that beginning a simulation project

3. System Definition. Determining the boundaries and properly, may well make a critical difference between
restrictions to be used in defining the system (or success and failure. We begin our analysis by gathering
process) and investigating how the system works. information about the problem. Usually, the project begins

4. Conceptual Model Formulation. Developing a with the sponsor describing the situation to the analyst in
preliminary model either graphically (e.g. block vague and imprecise terms, such as "costs are too high" or,
diagram or process flow chart) or in pseudo-code to "too many jobs are late." We must consider the sponsor's
define the components, descriptive variables, and problem description as a set of symptoms requiring
interactions (logic) that constitute the system. diagnosis. The usual flow of events will be: diagnosis of

5. Preliminary Experimental Design. Selecting the symptoms 00 problem definitiond system definitior]
measures of effectiveness to be used, the factors to bemodel formulation. It is important to remember that we do
varied, and the levels of those factors to be not model a system just for the sake of modeling it. We
investigated, i.e. what data need to be gathered from always model to solve a specific problem.

the model, in what form, and to what extent. Among the questions to be answered at the beginning
6. Input Data preparation. Identifying and collecting of the study are:

the input data needed by the model. ¢+ What is the goal of the study i.e. what is the question
7. Model Translation. Formulating the model in an to be answered or decision to be made?

appropriate simulation language. ¢ What information do we need to make a decision?
8. Verification and Validation. Confirming that the ¢ What are the precise criteria we will use to make the

model operates the way the analyst intended decision?

(debugging) and that the output of the model is ¢+ Who will make the decision?
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¢ Who will be affected by the decision? ¢ Define alternative designs for the system, which are to
¢ How long do we have to provide an answer? be considered.
¢ Develop flow charts to show the routing logic for
Once we have those answers we can begin to plan the flexible paths.
project in detail. An important aspect of the planning
phase is to assure that certain critical factors have been8 PRELIMINARY EXPERIMENTAL DESIGN
considered. Among these are: AND DATA PREPARATION
¢ Do we have management support and has its support
for the project been made known to all concerned We have defined simulation as being experimentation via a
parties? model to gain information about a real world process or
¢+ Do we have a competent project manager and teamsystem. It then follows that we must concern ourselves
members with the necessary skills and knowledge With the strategic planning of how to design an experiment
available for sufficient time to successfully complete or experiments that will yield the desired information at the

the project? lowest cost.
¢ Do we have sufficient time, computer hardware and _ The design of experiments comes into play at two
software available to do the job? different stages of a simulation study. It first comes into

¢ Have we established adequate communication Play very early in the study, before the first line of code has
channels so that sufficient information is available on Peen written and before the finalization of the design of the
project objectives, status, changes in user or client model.  As early as possible, we want to select the
needs etc. to keep everyone (team members, Measure(s) of effectiveness to be used in the study, what
management, and clients) fully informed as the project factors we are going to vary, how many levels of each of

progresses? those factors we will investigate and the number of
samples we will need in order to carry out the entire

7 SYSTEM DEFINITION AND CONCEPTUAL experiment. _ _
MODEL FORMULATION We can calculate ahead of time the sample sizes

needed (Shannon 1975). If the number is large then we

The essence of the art of modeling is abstraction and know that the model must run very fast and let this
simplification. We are trying to identify that small subset influence the design of the model (i.e. how much detail to
of characteristics or features of the system that is sufficient include).  Having this fairly detailed idea of the
to serve the specific objectives of the study. We want to €xperimental plan early, allows the model to be better
design a model of the real system that neither Planned to provide efficient generation of the desired data.
oversimplifies the system to the point where the model e need data to drive our simulation model. Every
becomes trivial (or worse misleading) nor carries so much Simulation study involves input data gathering and
detail that it becomes clumsy and prohibitively expensive analysis. Stochastic systems contain numerous sources of
to build and run. The tendency among inexperienced randomness. The analyst must therefore be conc_erned
modelers is to try to include too much detail. about what data to use for input to the model for things

One should always design the model around the Such as the inter-arrival rate of entities to the system,
questions to be answered rather than try to imitate the realProcessing times required at various stations, time between
system exactly. Parteto's Law says that in every group or Preakdowns of equipment, rejection rates, travel times
collection of entities, there exists a vital few and a trivial Pefween stations etc. . o _
many. In fact 80% of the behavior can be explained by the ~ Having good data to drive a model is just as important
action of 20% of the components. Our problem in @s having sound model logic and structure. The old cliché
designing the simulation model is to be sure that we ‘9arbage in - garbage out” applies to simulation models as
correctly identify the vital few components and include well as to any other computer program. Data gathering is

them in our model. usually interpreted to mean gathering numbers, but
In defining the system, there are certain tasks that must9athering numbers is only one aspect of the problem. The
be done. Among these are: analyst must also decide what data is needed, what data are
+ Divide the system into logical subsystems. available and whether it is pertinent, whether existing data
¢ Define the entities, which will flow through the are valid for the requwgd purpose, an_d how to gather the
system data. In real world simulation studies (as opposed to

classroom exercises), the gathering and evaluation of input
data is very time consuming and difficult. Up to one third
of the total time used in the study is often consumed by this
task.

¢ For each subsystem, define the stations (locations
where something is done to or for the entities).

¢ Define the basic flow patterns of entities through the
stations using flow diagrams.

10
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Depending upon the situation, there are several more or less into two categories, namely (a) general-

potential sources of data. These include: purpose simulation languages and (b) special purpose
¢ Historical records simulators. In the first category are those which can solve
¢ Observational data almost any discrete simulation problem. Among these are
¢ Similar systems such systems as ARENA®, AweSim®, GPSS/H™,

¢ Vendor's claims Some systems are used for the simulation of
+ Designer estimates manufactuﬁng and material handling problems. Packages
o Theoretical considerations such as SimFactory, ProModel®, AutoMod™, Taylor 1I®,

and Witness® fall into this category. Others are designed
for conducting Business Process Reengineering studies.
These include  BPSimulator™, ProcessModel™,
SIMPROCESS®,and Extend+BPR. Still others are for
\Nealthcare delivery (MedModel®), or communications
networks (COMNET I1.5).

Since there are numerous software tutorials as well as
demonstrations being given at the conference, we will not
pursue further discussion of this subject.

Each of these sources has potential problems (Brately et al
1983, Pegden et al 1995). Even when we have copious
data, it may not be relevant. For example we may have
sales data when we need demand data (sales do not sho
unmet demand). In other cases we may have only
summary statistics (monthly when we need daily).

When historical data does not exist (either because the
system has not been built or it is not possible to gather it),
the problem is even more difficult. In such cases we must
estimate both the probability distribution and the
parameters based upon theoretical considerations. For.

guidance see Law and Kelton (1991) and/or Pegden et aI.The fact that a model compiles, e_xeputes, and produces
(1995) numbers does not guarantee that it is correct or that the

numbers being generated are representative of the system
being modeled. After the development of the model is
functionally complete, we should ask, "Does it work
correctly?" There are two aspect to this question. First,

. : ; does it operate the way the analyst intended? Second, does
We are finally ready t cribe or program the model in a . e
y ready to des prog oce t behave the way the real world system does or will? We

language acceptable to the computer to be used. Well over: .
a hundred different simulation languages are commercially find the answers to these questions through model

available. In addition there are literally hundreds of other verification and model validation. Verification seeks to
locally developed languages in use in Companies and ;how that the computer program performs as gxpected and
Universities. We have three generic choices, namely: intended. Validation on the other hand, questions whether

¢  Build the model in a general-purpose language. the model behavior validly represents that of the real-world

+ Buid th del i | oulati system being simulated.
Ialrj:guagee model In-a general-purpose  simufation Verification is a vigorous debugging aimed at showing

: . . that the parts of the model work independently and
¢  Use aspecial purpose simulation packages. together using the right data at the right time. Even though

. the analyst thinks he or she knows what the model does
Although general purpose programming languages such as

X . and how it does it, anyone who has done any programming
FORTRAN, C++, Visual Basic, or Pascal can be used they s how easy it is to make errors. Throughout the
very seldom are anymore. Using one of the general or

. . . ¢ Y verification process, we try to find and remove
special purpose simulation packages has distinct ,inventional errors in the logic of the model.

advantages in terms of ease, efficiency and effectiveness of  \/5jiation on the other hand is the process of reaching
use. Some of the advantages of using a simulation package,, acceptable level of confidence that the inferences drawn

10 VERIFICATION AND VALIDATION

9 MODEL TRANSLATION AND SIMULATION
LANGUAGES

are. _ _ are correct and applicable to the real-world system being
¢ Reduction of the programming task. represented. We are basically trying to answer the
¢ Provision of conceptual guidance. guestions:

+ Increased flexibility when changing the model. ¢ Does the model adequately represent the real-world
¢ Fewer programming errors. system.

¢+ Automated gathering of statistics. ¢ Is the model generated behavioral data characteristic

of the real-world system's behavioral data?

The goal of any simulation package is to close the gap 4 poes the simulation model user have confidence in the
between the user's conceptualization of the model and an  model's results?

executable form. Simulation packages divide themselves

11



Shannon

data are correlated, and what statistical tests are valid on
the data. Before addressing these concerns, we must first
ascertain whether the real system is terminating or non-
terminating because this characteristic determines the
running and analysis methods to be used.

In a terminating system, the simulation ends when a

Through validation, we try to determine whether the
simplifications and omissions of detail that we have
knowingly and deliberately made in our model, have
introduced unacceptably large errors in the results.

Validation is the process of determining that we have
built the right model, whereas verification is designed to
see if we have built the model right. Model verification and critical event occurs. For example, a bank opens in the
validation are often difficult and time consuming but are morning empty and idle. At the end of the day it is once
extremely important to success. If the model and results again empty and idle. Another example would be a duel
are not accepted by the decision maker(s), then the effortwhere one or both participants are killed or the weapons
has been wasted. It is absolutely mandatory that we beare empty. In other words, a system is considered to be
able to transfer our confidence in the model to the people terminating if the events driving the system naturally cease
who must use the results. Several excellent references areat some point in time. In a non-terminating system, no
Pegden et al. (1995), Shannon (1981), Balci (1995) and such critical event occurs and the system continues
Sargent (1996). indefinitely (e.g. a telephone exchange or a hospital).

A second system characteristic of interest is whether
the system is stationary or non-stationary. A system is
stationary if the distribution of it's response variable (and
Now that we have developed the model, verified its hence it's mean and variance) does not change over time.
correctness, and validated its adequacy, we again need tdVith such systems we are generally concerned with
consider the final strategic and tactical plans for the finding the steady state conditions, i.e. the value which is
execution of the experiment(s). We must update project the limit of the response variable if the length of the
constraints on time (schedule) and costs to reflect currentsimulation went to infinity without termination.
conditions. Even though we have exercised careful Whether the system is terminating or non-terminating,
planning and budget control from the beginning of the we must decide how long to run the simulation model i.e.
project, we must now take a hard, realistic look at what we must determine sample size (Shannon 1975). But first
resources remain and how best to use them. We will alsowe must precisely define what constitutes a single sample.
have learned more about the system in the process ofThere are several possibilities:

11 FINAL EXPERIMENTAL DESIGN

designing, building, verifying and validating the model 1 Each transaction considered a separate sample. For
which we will want to incorporate into the final plans. example, turn-around time for each job or total time
The design of a computer simulation experiment is in the system for each customer.
essentially a plan for purchasing a quantity of information 2 A complete run of the model. This may entall
that costs more or less depending upon how it was considering the mean or average value of the
acquired. Design profoundly affects the effective use of response variable for the entire run as being a datum
experimental resources because: point. Multiple runs are referred to as replication.
¢ The design of the experiments largely determine the 3 A fixed time period in terms of simulated time.
form of statistical analysis that can be applied to the Thus a simulation may be run for n time periods,
data. where a time period is an hour or a day or a month.
¢ The success of the experiments in answering the 4 Transactions aggregated into groups of fixed size.

For example, we might take the time in the system
for each 25 jobs flowing through and then use the
mean time of the group as a single datum point.
This is usually referred to as batching.

desired questions is largely a function of choosing the
right design.

Simulation experiments are expensive both in terms of the
analyst's time and labor and in some cases, in terms of
computer time. We must therefore carefully plan and If the system is a non-terminating, steady-state system we
design not only the model but also its use (Cook 1992, must be concerned with starting conditions, i.e. the status
Hood and Welch 1992, Nelson 1992, Swain and of the system when we begin to gather statistics or data. If
Farrington 1994, Kelton 1995, Montgomery 1997). we have an empty and idle system i.e. no customers
present, we may not have typical steady state conditions.
Therefore, we must either wait until the system reaches
steady state before we begin to gather data (warm-up
Next we come to the actual running of the experiments and period), or we must start with more realistic starting
the analysis of the results. We now have to deal with conditions. Both of these approaches requires that we be
issues such as how long to run the model (i.e. sample size),able to identify when the system has reached steady state (a
what to do about starting conditions, whether the output difficult problem).

12 EXPERIMENTATION AND ANALYSIS

12
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Finally, most statistical tests require that the data ¢ Inadequate planning and underestimating the resources
points in the sample be independent i.e. not correlated. needed.
Since many of the systems we model are queueing e Inadequate user participation.
networks, they do not meet this condition because they are, Writing code too soon before the system is really

auto-correlated.  Therefore, very often we must do understood.

something to insure that the data points are independenty |nappropriate level of included detail (usually too
before we can proceed with the analysis (Law and Kelton much).

1991, Banks et al 1995, Kelton 1996). ¢ Wrong mix of team skills (see section 3 above).

¢ Lack of trust, confidence and backing by management.
13 IMPLEMENTATION & DOCUMENTATION

15 PATHS TO SUCCESS
At this point we have completed all the steps for the

design, programming and running of the model as well as 3,5 a5 we can learn from studying projects that fail, we

the analysis.of the regults. The _final t\_NO elements that ., 5150 learn from those that succeed (Musselman 1994,
must be .|ncluded in—any .S|mulat|or.1 Stu_dy ar®  Robinson and Bhatia 1995). Obviously the first thing we
implementation and documentation. No simulation study |, -+ t0 do is avoid the errors of those who fail. Thus we
can be considered successfully completed until it's results , -+ to-
have b_een uno!erstood, accepted and use_d. ¢+ Have clearly defined and achievable goals.

It is amazing how often modelers will spend a great Be sure we have adequate resources available to
deal of time trying to find the most elegant and efficient successfully complete the project on time
ways to model a system and then throw together a report to Have manacement's support and have. it known to
the sponsor or user at the last minute. If the results are not h h 9 PP ith . Vi
used, the project was a failure. If the results are not those who must cooperate with us in supplying
clearly, concisely and convincingly presented, they will not information and data. . .
be used. The presentation of the results of the study is a* /ASsure that we have all the necessary skills required
critical and important part of the study and must be as  available for the duration of the project. o
carefully planned as any other part of the project * Be sure that there are adequate communication

(Sadowski 1993). channels to the sponsor and end users.

Among the issues to be addressed in the ¢ Have a clear understanding with the sponsor and end
documentation of the model and study are: users as to the scope and goals of the project as well as
¢ Choosing an appropriate vocabulary (no technical schedules. . .

jargon). ¢ Have good documentation of all planning and
¢ Length and format of both written and verbal reports modeling efforts.

(short and concise).

¢ Timeliness

¢ Must address the issues that the sponsor or user
consider important.

16 SUMMING UP

Simulation provides cheap insurance and a cost effective
decision making tool for managers. It allows us to
14 PATHS TO FAILURE minimize risks by letting us discover the right decisions
before we make the wrong ones.

Not all simulation studies are unqualified successes. In
fact, unfortunately, too many fail to deliver as promised. REFERENCES
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