Introduction to Simulation

A simulation is the imitation of the operation of a real-world process or system over time. Whether done by
hand or on a computer, simulation involves the generation of an artificial history of a system and the obser-
vation of that artificial history to draw inferences concerning the operating characteristics of the real system.

The behavior of a system as it evolves over time is studied by developing a simulation model. This
model usually takes the form of a set of assumptions conceming the operation of the system. These assump-
tions are expressed in mathematical, logical, and symbolic relationships between the entities, or objects of
interest, of the system. Once developed and validated, a model can be used to investigate a wide variety of
“what if” questions about the real-world system. Potential changes to the system can first be simulated, in
order to predict their impact on system performance. Simulation can also be used to study systems in the
design stage, before such systems are built. Thus, simulation modeling can be used both as an analysis tool
for predicting the effect of changes to existing systems and as a design tool to predict the performance of
new systems under varying sets of circumstances.

In some instances, a model can be developed which is simple enough to be “solved” by mathematlcal
methods. Such solutions might:be found by the use of differential calculus, probability theory, algebraic
methods, or other mathematical techniques. The solution usually consists of one or more numerical param-
eters, which are called measures of performance of the system. However, many real-world systems are so
complex that models of these systems are virtually impossible to solve mathematically. In these instances,
numerical, computer-based simulation can be used to imitate the behavior of the system over time. From the
simulatian, data are collected as if a real system were being observed. This simulation-generated data is used
to estimate the measures of performance of the system.

This book provides an introductory treatment of the concepts and methods of one form of simulation
modeling—discrete-event simulation modeling. The first chapter initially discusses when to use simulation,
its advantages and disadvantages, and actual areas of its application. Then the concepts of system and model
are explored. Finally, an outline is given of the steps in building and using a simulation model of a system.
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4 DISCRETE-EVENT SYSTEM SIMULATION

1.1 WHEN SIMULATION IS THE APPROPRIATE TOOL

The availability of special-purpose simulation languages, of massive computing capabilities at a decreasing
cost per operation, and of advances in simulation methodologies have made simulation one of the most
widely used and accepted tools in operations research and systems analysis. Circumstances under which sim-
ulation is the appropriate tool to nse have been discussed by many authors, from Naylor et al. [1966] to
Shannon [1998]. Simulation can be used for the following purposes;

[

. Simulation enables the study of, and experimentation with, the internal interactions of a complex

system or of a subsystem within a complex system.

Informational, organizational, and environmental changes can be simulated, and the effect of these

alterations on the model’s behavior can be observed.

3. The knowledge gained during the designing of a simulation model could be of great value toward
suggesting improvement in the system under investigation,

4, Changing simulation inputs and observing the resulting outputs can produce valuable insight into

which variables are the most important and into how variables interact.

Simulation can be used as a padagogical device to reinforce analytic solution methodologies.

6. Simulation can be used to experiment with new designs or pollcles before implementation, so as to
prepare for what might happen.

7. Simulation can be used to verify analytic solutions.

8. Simulating different capabilities for a machine can help determine the requirements on it.

9. Simulation models designed for training make learning possible without the cost and disruption of

on-the-job instruction.

Animation shows a system in simulated operation so that the plan can be visualized.

11. The modern system (factory, wafer fabrication plant, service organization, etc.) is so complex that

its intemal interactions can be treated only through simulation.
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1.2 WHEN SIMULATION IS NOT APPROPRIATE

This section is based on an article by Banks and Gibson [1997], who gave ten rules for evaluating when sim-
ulation is not appropriate. The first rule indicates that simulation should not be used when the problem can
be solved by common sense. An example is given of an automobile tag facility serving customers who arrive
randomly at an average rate of 100/hour and are served at a mean rate of 12/hour. To determine the mini-
mum number of servers needed, simulation is not necessary. Just compute 100/12 = 8.33 indicating that nine
or more servers are needed. V

The second rule says that simulation should not be used if the problem can be solved analytically. For
example, under certain conditions, the average waiting time in the example above can be found from curves
that were developed by Hillier and Lieberman [2002).

The next rule says that simulation shouild not be used if it is easier to perform direct experiments. An
example of a fast-food drive-inrestaurant is given where it was less expensive to stage a person taking orders
using a hand-held terminal and voice communication to determine the effect of adding another order station
on customer waiting time. :

The foucth rule says not to use simulation if the costs exceed the savings. There are many steps in com-
pleting a simulation, as will be discussed in Section 1.11, and these must be done thoroughly. If a simula-
tion study costs $20,000 and the savings might be $10,000, simulation would not be appropriate.

Rules five and six indicate that simulation should not be performed if the resources or time are notavailable.
If the simulation is estimated to cost $20,000 and there is only $10,000 available, the suggestion is not to
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venture into a simulation study. Similarly, if a decision in needed in two weeks and a simulation will take a
month, the simulation study is not advised.

Simulation takes data, sometimes lots of data. If no data is available, not even estimates, simulation is
not advised. The next rule concems the ability to verify and validate the model. If there is not enough time
or if the personnel are not available, simulation is not appropriate.

If managers have unreasonable expectations, if they ask for too much too soon, or if the power of sim-
ulation is overestimated, simulation might not be appropriate.

Last, if system behavior is too complex or can’t be defined, simulation is not appropriate. Human behav-
ior is sometimes extremely complex to model.

1.3 ADVANTAGES AND DISADVANTAGES OF SIMULATION

Simulation is intuitively appealing to a client because it mimics what happens in a real system or what is
perceived for a system that is in the design stage. The output data from a simulation should directly corre-
spond to the outputs that could be recorded from the real system. Additionally, it is possible to develop a
simulation model of a system without dubious assumptions (such as the same statistical diswibution for every
random variable) of mathematically solvable models. For these and other reasons, simulation is frequently
the technique of choice in problem solving.

In contrast to optimization models, simulation models are “run” rather than solved. Given a particular
set of input and model characteristics, the model is run and the simulated behavior is observed. This process
of changing inputs and model characteristics results in a set of scenarios that are evaluated. A good solution,
either in the analysis of an existing system or in the design of a new system, is then recommended for
implementation.

Simulation has many advantages, but some disadvantages. These are listed by Pegden, Shannon, and
Sadowski [1995). Some advantages are these:

1. New policies, operating procedures, decision rules, information flows, organizational procedures,

and so on can be explored without disrupting ongoing operations of the real system.

New hardware designs, physical layouts, transportation systems, and so on can be tested without

committing resources for their acquisition.

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

Time can be compressed or expanded to allow for a speed-up or slow-down of the phemmena under

. investigation. :

5. Insight can be obtained about the interaction of variables.

6. Insight can be obtained about the importance of variables to the performance of the system.

7. Bottleneck analysis can be performed to discover where work in process, information, materials, and
so on are being delayed excessively.

8. A simulation study can help in understanding how the system operates rather than how individuals
think the system operates. )

9. “What if” questions can be answered. This is particularly useful in the design of new systems.
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Some disadvantages are these:

1. Model building requires special training. It is an art that is learned over time and through experience.
Furthermore, if two models are constructed by different competent individuals, they might have
similarities, but it is highly unlikely that they will be the same.
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2. Simulation results can be difficult to interpret. Most simulation outputs are essentially random vari-
ables (they are usually based on random inputs), so it can be hard to distinguish whether an obser-
vation is a result of system interrelationships.or of randonmess.

Making optimal design decisions for next-generation dispensing tools
Application of cluster tool modeling in a 300-mm wafer fabrication factory
Resident-entity based simulation of batch chamber tools in 300-mm semiconductor manufacturing

3. Simulation modeling and analysis can be time consuming and expensive. Skimping on resources for
modeling and analysis could result in a simulation model or analysis that is not sufficient to the task.

4. Simulation is used in some ‘cases when an analytical solution is possible, or even preferable, as was
discussed in Section 1.2. This might be particularly true in the simulation of some wamng lines
where closed-form queueing models are available. »

In defense of simulation, these four disadvantages, respectively, can be offset as follows:

1. Vendors of simulation software have been actively developing packages that contain models that
need only input data for their operation. Such models have the generic tag “simulator” or “template.”

2. Many simulation software vendors have developed output- analysis capabnlmes within their packages
for performing very thorough analysis.

3. Simulation can be performed faster today than yesterday and will be even faster tomorrow, because
of advances in hardware that permit rapid running of scenarios and because of advances in many sim-
ulation packages. For example, some simulation software contains constructs for modeling material
handling that uses such transporters as fork-lift trucks, conveyors, and automated guided. vehicles.

4. Closed-form models are not able to analyze most of the complex systems that are encountered in
practice. In many years of consulting practice by two of the authors, not one problem was encoun-
tered that could have been solved by a closed-form solution. :

1.4 AREAS OF APPLICATION

The applications of simulation are vast. The Winter Simulation Conference (WSC) is an excellent way to learn
more about the latest in simulation applications and theory. There are also numerous tutorials at both the
beginning and the advanced levels. WSC is sponsored by six technical societies and the National Institute
of Standards and Technology (NIST). The technical societies are American Statistical Association (ASA),
Association for Computing Machinery/Special Interest Group on Simulation (ACM/SIGSIM), Institute of
Electrical and Electronics Engineers: Computer Society (IEEE/CS), Institute of Electrical and Electronics
Engineers: Systems, Man and Cybernetics Society (IEEE/SMCS), Institute of Industrial Engineers (LE),
Institute for Operations Research and the Management Sciences: College on Simulation (INFORMS/CS) and
The Society for Computer Simulation (SCS). Note that IEEE is represented by two bodies. Information about
the upcoming WSC can be obtained from www.wintersim.org. WSC programs with full papers are
available from www. informs-cs.org/wscpapers. html Some presentations, by area, from a fecent.
WSC are listed next: :

Manufacturing Applications
Dynamic modeling of continuous manufacturing systems, usmg analogies to electrical systems
Benchmarking of a stochastic production planning model in a simulation test bed
Paint line color change reduction in automobile assembly
Modeling for quality and productivity in steel cord manufacturing
Shared resource capacity analysis in biotech manufacturing
Neutral information model for simulating machine shop operations
Semiconductor Manufacturing
Constant time interval production planning with application to work-in-process control
+ Accelerating products under due-date oriented dispatching rules
Design framework for automated material handling systems in 300-mm wafer fabncauon factories

" Construction Engineering and Project Management

Impact of multitasking and merge bias on procusement of complex equipment

Application of lean concepts and simulation for drainage operations mamtenance crews
Building a virtval shop model for steel fabrication
Simulation of the residential lumber supply chain

Military Applications

Frequency-based design for terminating simulations: A peace-enforcement example

A multibased framework for supporting military-based interactive simulations in 3D environments
Specifying the behavior of computer-generated forces without programming

Fidelity and validity: Issues of human behavioral representation

- Assessing technology effects on human performance through trade-space development and evalu-

ation
Impact of an automatic logistics system on the sortie-generation process
Research plan development for modeling and simulation of military operations in urban terrain

Logjstics, Supply Chain, and Distribution Applications

Inventory analysis in a server-computer manufacturing environment
Comparison of bottleneck detection methods for AGV systems

Semiconductor supply-network simulation

Analysis of international departure passenger flows in an airport terminal
Application of discrete simulation techniques to liquid natural gas supply chains
Online simulation of pedestrian flow in public buildings

Transportation Medes and Traffic

Simulating aircraft-delay absorption

Runway schedule determination by simulation optimization

Simulation of freeway merging and diverging behavior

Modeling ambulance service of the Austrian Red Cross _
Simulation modeling in support of emergency firefighting in Norfolk
.Modeling ship arrivals in ports V

Optimization of a barge transportation system for petroleum delivery
Iterative optimization and simulation of barge waffic on an inland waterway

Busin&ss Process Simulation

Agent-based modeling and simulation of store performance for personalwed pricing

Visualization of probabilistic business models

Modeling and simulation of a telephone call center

Using simulation to approximate subgradients of convex performance measures in service systems
Simulation’s role in baggage screening at airports

Human-fatigue risk simulations in continueus operations

Optimization of a telecommunications billing system

Segmenting the customer base for maximum refurns

. Health Care

Modeling front office and patient care in ambulatory health care practices

Evaluation of hospital operations between the emergency department and a medical telemetry unit
Estimating maximum capacity in an emergency room

Reducing the length of stay in an emergency department

- Simulating six-sigma improvement ideas for a hospital emergency department

i e

A simulation-integer-linear-programming-based tool for scheduling emergency room staff

SRR LA
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. The state of a system is defined to be that collection of variables necessary to describe the system at any
time, relative to the objectives of the study. In the study of a bank, possible state variables are the number of
busy tellers, the number of customers waiting in line or being served, and the arrival time of the next cus-
tomer. An event is defined as an instantaneous occurrence that might change the state of the system. The term
endogenous is used to describe activities and events occurring within a system, and the term exogenous is
used to describe activities and events in the environment that affect the system. In the bank study, the arrival
of a customer is an exogenous event, and the completion of service of a customer is an endogenous event.

Table 1.1 lists examples of entities, attributes, activities, events, and state variables for several systems.
Only a partial listing of the system components is shown. A complete list cannot be developed unless the
purpose of the study is known. Depending on the purpose, various aspects of the system will be of interest,
and then the listing of components can be completed.

1.7 DISCRETE AND CONTINUOUS SYSTEMS

Systems can be categorized as discrete or continuous. “Few systems in practice are wholly discrete or con-
tinuous, but since one type of change predominates for most systems, it will usually be possible to classify
a system as being either discrete or continuous™ {L.aw and Kelton, 2000]. A discrete system is one in which
the state variable(s) change only at a discrete set of points in time. The bank is an example of a discrete
system: The state variable, the number of customers in the bank, changes only when a customer arrives or
when the service provided a customer is completed. Figure 1.1 shows how the number of customers changes
only at discrete points in time.

A continuous system is one in which the state variable(s) change continuously over time. An example
is the head of water behind a dam. During and for some time after a rain storm, water flows into the lake
behind the dam, Water is drawn from the dam for flood control and to make electricity. Evaporation also
decreases the water level. Figure 1.2 shows how the state variable head of water behind the dam changes for

this continuous system.

1.8 MODEL OF A SYSTEM

Sometimes it is of interest to study a system to understand the relationships between its components or to
predict how the system will operate under a new policy. To study the system, it is sometimes possible to
experiment with the system itself. However, this is not always possible. A new system might not yet exist; it
could be in only hypothetical form or at the design stage. Evenif the system exists, it might be impractical
to experiment with it. For example, it might not be wise or possible to double the unemployment rate to dis-
cover the effect of employment on inflation. In the case of a bank, reducing the numbers of tellers to study
the effect on the length of waiting lines might infuriate the customers so greatly that they move their accounts
to a competitor. Consequently, studies of systems are often accomplished with a model of a system.

We had a consulting job for the simulation of a redesigned port in western Australia. At $200 millions
for a loading/unloading berth, it’s not advisable to invest that amount only to find that the berth is inadequate
for the task.

A model is defined as a representation of a system for the purpose of studying the system. For most stud-
ies, it is only necessary to consider those aspects of the system that affect the problem under investigation.
These aspects are represented in a model of the system; the model; by definition, is a simplification of the
system. On the other hand, the model should be sufficiently detailed to permit valid conclusions to be drawn
about the real system. Different models of the same system could be required as the purpose of investigation

changes.
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random, they can be considered only as estimates of the true characteristics of a model. The simulation of
a bank would usually involve random interarrival times and random service times. Thus, in a stochastic
simulation, the output measures—the average number of people waiting, the average waiting time of a
customer—must be treated as statistical estimates of the true characteristics of the system.

Discrete and continuous systems were defined in Section 1.7. Discrete and continuous models are
defined in an analogous manner. However, a discrete simulation model is not always used to model a dis-
crete system, nor is a continuous simulation model always used to model a continuous system. Tanks and
pipes are modeled discretely by some software vendors, even though we know that fluid flow is continuous.
In addition, simulation models may be mixed, both discrete and continuous. The choice of whether to use a
discrete or continuous {(or both discrete and continuous) simulation model is a function of the characteristics
of the system and the objective of the study. Thus, a communication channel could be modeled discretely
if the characteristics and movement of each message were deemed important. Conversely, if the flow of

‘messages in aggregate over the channel were of importance, modeling the system via continuous simulation
could be more appropriate. The models considered in this text are discrete, dynamic, and stochastic.

1.10 DISCRETE-EVENT SYSTEM SIMULATION

This is a textbook about discrete-event system simulation. Discrete-event systems simulation is the model-
ing of systems in which the state variable changes only at a discrete set of points in time. The simulation
models are analyzed by numerical methods rather than by analytical methods. Analytical methods employ
the deductive reasoning of mathematics to “solve” the model. For example, differential calculus can be used
to compute the minimum-cost policy for some inventory models. Nurerical methods employ computational
procedures to “solve” mathematical models. In the case of simulation models, which employ numerical
methods, models are “run” rather than solved—that is, an artificial history of the system is generated from
the model assumptions, and observations are collected to be analyzed and to estimate the true system
performance measures. Real-world simulation models are rather large, and the amount of data stored and
manipulated is vast, so such runs are usually conducted with the aid of a computer. However, much insight
can be obtained by simulating small models manually.

In summary, this textbook is about discrete-event system simulation in which the models of interest are
analyzed numerically, usually with the aid of a computer.

1.11 STEPS IN A SIMULATION STUDY

Figure 1.3 shows a set of steps to guide a model builder in a thorough and sound simulation study. Similar
figures and discussion of steps can be found in other sources [Shannon, 1975; Gordon, 1978; Law and
Kelton, 2000]. The number beside each symbol in Figure 1.3 refers to the more detailed discussion in the
text. The steps in a simulation study are as follows:

Problem formulation. Every study should begin with a statement of the problem. If the statement
is provided by the policymakers, or those that have the problem, the analyst must ensure that the problem
being described is clearly understood. If a problem statement is being developed by the analyst, it is important
that the policymakers understand and agree with the formulation. Although not shown in Figure 1.3, there
are occasions where the problem must be reformulated as the study progresses. In many instances, policy-
makers and analysts are aware that there is a problem long before the nature of the problem is known.

Sefting of objectives and overall project plan. The objectives indicate the questions to be
answered by simulation. At this point, a determination should be made concerning whether simulation is the
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appropriate methodology for the problem as formulated and objectives as stated. Assuming that it is decided
that simulation is appropriate, the overall project plan should include a statement of the alternative systems to
be considered and of a method for evaluating the effectiveness of these alternatives. It should also include

the plans for the study in terms of the number of people involved, the cost of the study, and the number of.

days required to accomplish each phase of the work, along with the results expected at the end of each stage.

Model conceptualization. The construction of a model of a system is probably as much art as sci-
ence. Pritsker [1998] provides a lengthy discussion of this step. “Although it is not possible to provide a set
of instructions that will lead to building successful and appropriate models in every instance, there are some
general guidelines that can be followed” [Morris, 1967). The art of modeling is enhanced by an ability to
abstract the essential features of a problem, to select and modify basic assumptions that characterize the sys-
tem, and then to enrich and elaborate the model until a useful approximation results. Thus, it is best to start
with a simple model and build toward greater complexity. However, the model complexity need not exceed
that required to accomplish the purposes for which the model is intended. Violation of this principle will only
add to model-building and computer expenses. It is not necessary to have a one-to-one mapping between the
model and the real system. Only the essence of the real system is needed.

It is advisable to involve the model user in model conceptualization. Involving the model user will both
enhance the quality of the resulting model and increase the confidence of the model user in the application
of the model. (Chapter 2 describes a number of simulation models. Chapter 6 describes queueing models that

can be solved analytically. However, only experience with real systems—versus textbook problems—can
“teach” the art of model building.) :

Data collection. There is a constant interplay between the construction of the model and the col-
lection of the needed input data [Shannon, 1975]. As the complexity of the modelchanges, the required data
elements can also change. Also, since data collection takes such a large portion of the total time required to
perform a simulation, it is necessary to begin it as early as possible, usually together with the early stages of
model building. '

The objectives of the study dictate, in a large way, the kind of data to be collected. In thestudy of a bank,
for example, if the desire is to learn about the length of waiting lines as the number of tellers change,

- the types of data needed would be the distributions of interarrival times (at different times of the day), the
service-time distributions for the tellers, and historic distributions on the lengths of waiting lines under varying
conditions. This last type of data will be used to validate the simulation modl. (Chapter 9 discusses data
collection and data analysis; Chapter 5 discusses statistical distributions that occur frequently in simulation
modeling. See also an excellent discussion by Henderson {2603].)

Model translation. Most real-world systems result in models that require a great deal of informa-
tion storage and computation, so the model must be entered into a computer-recognizable format. We use the
term “program” even though it is possible to accomplish the desired result in many instances with little or
no actual coding, The modeler must decide whether to program the model in a simulation language, such as
GPSS/H (discussed in Chapter 4), or to use special-purpose simulation software. For manufacturing and
material handling, Chapter 4 discusses Arena®, AutoMod™, Extend™, Flexsim, MicroSaint, ProModel®,
Quest®, SIMUL8®, and WITNESS™. Simulation languages are powerful and flexible. However, if the
problem is amenable to solution with the simulation software, the model development time is greatly
reduced. Furthermore, most of the simulation-software packages have added features that enhance their flex-
ibility, although the amount of flexibility varies greatly.

Verified? Verification pertains to the computer program prepared for the simulation model. Is the
computer program performing properly? With complex models, it is difficult, if not impossible, to translate
a model successfully in its entirety without a good deal of debugging; if the input parameters and logical
structure of the model are correctly represented in the computer, verification has been completed. For the
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most part, common sense is used in completing this step. (Chapter 10 discusses verification of simulation
models, and Balci [2003] also discusses this topic.)

-Validated? Validation usually is achieved through the calibration of the model, an iterative process
of comparing the model againstactual system behavior and using the discrepancies b?tv'vaen Fhe two, and the
insights gained, to improve the model. This process is repeated until mo@e‘l"accuracy is jud ge‘d‘ a@ptable. In
the example of a bank previously mentioned, data was collected concerning the !er}gth of waiting lmef uqder
current conditions. Does the simulation model replicate this system measure? This is one means of \fahdatmn.
(Chapter 10 discusses the validation of simulation models, and Balci [2003] also discusses this topic.)

Experimental design. The alternatives that are-to be simulated must be determined. Often, the
decision concerning which alternatives to simulate will be a. function of runs that have !Jeen completed and
analyzed. For each system design that is simulated, decisions need to be m?de.concennng the length of the
initialization period, the length of simulation runs, and the number of re.phcatmm toube made of eflch run.
(Chapters 11 and 12 discuss issues associated with the experimental design, and Kleijnen [1998] discusses
this topic extensively.)

Production runs and analysis. Production runs, and their subsequent analysis, are used to esti-
mate measures of performance for the system designs that are being simulated. (Chapters 11 and 12 discuss
the analysis of simulation experiments, and Chapter 4 discusses. software to aid in this step, mcluding
AutoStat (in AutoMod), OptQuest (in several pieces of simulation software), SimRuaaer (in ProModel), and
WITNESS Optimizer (in WITNESS).

More Runs? Given the analysis of runs that have been completed, the analyst determines whether
additional runs are needed and what design those additional experiments should follow.

Documentation and repoﬂing‘. There are two types of docum?ntati'onz program and progress.
Program documentation is necessary for numerous reasons. If the program is going to be used. again by the
same or different analysts, it could be necessary to understand.how the program operates. This will cxea‘te
confidence in the program, so that model users and policymakers can make fiec1310ns based on the an'a:lysls.
Also, if the program is to be modified by the same or a different analyst, this step can b.e greatly facilitated
by adequate documentation. One experience with an inadequately dpcumented program is u.sually enough Eo
convince an analyst of the necessity of this important step. Another reason fo.r doc:umentmg a program is
so that model users can change parametérs at will in an effort to learn the relationships betwein input para-
meters and output measures of performance or to discover the input parameters that “optimize™ some output
measure of performance. - ] ) )

Musselman [1998] discusses progress reports that provide the important, wnt‘ten history of a simulation
project. Project reports give a chronology of work done and decisions made. This can prove to be of great

i ing the project on course.
Valui/;:st:lelf:ng sugglzstjs frequent reports (monthly, at least) so that even those not involved in the day—.to-
day operation can keep abreast. The awarenéss of these others can often enhance the su?cessful gompletllon
of the project by surfacing misunderstandings early, when Lt.1e problem can be solYed easily. Mussélman also
suggests maintaining a project log providing a comprehensive record of accomplishments, change requests,
key decisions, and other items of importance. . ,

On the reporting side, Musselman suggests frequent dehverables‘. These may or may not Pe the results
of major accomplishments. His maxim is that “jt is better to work 'w1th many 1ntermed_u.ite m'xiestones than
with one absolute deadline.” Possibilities prior to the final report include a model specnﬁcau.on, prototype
demonstrations, animations, training results, intermediate analyses, program .documentation, progress

‘ reports, and presentations. He suggests that these deliverables should be timed judiciously over the life of

the project.

[ 4
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The result of all the analysis should be reported clearly and concisely in a final report. This will enable
the model users (now, the decision makers) toreview the final formulation, the alternative systems that were
addressed, the criterion by which the alternatives were compared, the results of the experiments, and the recom-
mended solution to the problem. Furthermore, if decisions have to be justified at a higher level, the final

report should provide a vehicle of certification for the model user/decision maker and add to the credibility
of the model and of the model-building process.

Implementation. The success of the implementation phase depends on how well the previous 11
steps have been performed. It is also contingent upon how thoroughly the analyst has involved the ultimate
model user during the entire simulation process. If the model user has been thoroughly involved during the
model-building process and if the model user understands the nature of the model and its outputs, the like-
lihood of a vigorous implementation is enhanced [Prisker, 1995]. Conversely, if the model and its underlying
assumptions have not been properly communicated, implementation will probably suffer, regardless of the
simulation model’s validity.

The simulation-model building process shown in Figure 1.3 can be broken down into four phases. The
first phase, consisting of steps 1 (Problem Formulation) and 2 (Setting of Objective and Overall Design), is
a period of discovery or orientation. The initial statement of the problem is usually quite “fuzzy,” the initial
objectives will usually have to be reset, and the original project plan will usually have to be fine-tuned. These
recalibrations and clarifications could occur in this phase, or perhaps will occur after or during another phase
(i.e., the analyst might have to restart the process).

The second phase is related to model building and data collection and includes steps 3 (Model
Conceptualization), 4 (Data Collection), 5 (Model Translation), 6 (Verification), and 7 (Validation). A con-

tinuing interplay is required among the steps. Exclusion of the model user during this phase can have dire -

implications at the time of implementation.

The third phase concerns the running of the model. It involves steps 8 (Experimental Design), 9
(Production Runs and Analysis), and 10 (Additional Runs). This phase must have a thoroughly conceived
plan for experimenting with the simulation model. A discrete-event stochastic simulation is in fact a statis-
tical experiment. The output variables are estimates that contain random error, and therefore a proper statis-
tical analysis is required. Such a philosophy is in contast to that of the analyst who makes a single run and

draws an inference from that single data point.

The fourth phase, implementation, involves steps 11 (Documentation and Reporting) and 12
(Implementation). Successful implementation depends on continual involvement of the model user and on
the successful completion of every step in the process. Perhaps the most crucial point in the entire process
is step 7 (Validation), because an invalid model is going to lead to ertoneous results, which, if implemented,
could be dangerous, costly, or both; )
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EXERCISES

1. Name entities, attributes, activities, events, and state variables for the following systems:

(a) University library
(b) Bank
(c) Call center
(d) Hospital blood bank
(e) Departmental store
(f) Fire service station
(g) Airport
(b) Software organization )
2. Consider the simulation proceés shovwnvin Figure 1.3.
(a) Reduce the steps by at least two by combining similar activities. Give your ration.ah?. ‘
(b) Increase the steps by at least two by separating current steps or enlarging on existing steps. Give
your rationale. . '
3. A simulation of a major traffic intersection is to be conducted, with the (?bjectlve of improving the cur-
. rent traffic flow. Provide three iterations, in increasing order of complexity, of steps 1 and 2 in the sim-
ulation process of Figure 1.3. . .
ioni i idi discoverat what time a person shou
imulation is to be conducted of cooking a spaghetti dinner to . g 1sh
* ?mir?rl:l order to have the meal on the table by 7:00 PM. Read a recipe for preparing a spaghetti dmntar
(or ask a friend orrelative for the recipe). As best you can, trace wh;{t you understand to be (Eeed;axzt in
the data-collection phase of the simulation process of Figure 1.3, m ordcr. t.o.perform a simulation
-in which the model includes each step in the recipe. What are the events, activities, and state variables
in this system?
List down the events and activities applying for master’s program in a university.

wn

Read an article on the application of simulation related to your major area of study or interestz in t}.1e
current WSC Proceedings, and prepare a report on how the author accomplishes the steps given m

S

3

Figure 1.3.
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7. Get a copy of arecent WSC Proceedi e di icati
e ings and report on the different applications discussed in an area of

8. G ‘ '
eta copy of a recent WSC Procesdings and report ont the most unusual application that you can find

A9. Go tothe W'mtgr Simulation Conference website at: www. wintersi
(a) What advanced ttorials were offered at the previous WSCora
(b) Wbere and when will the next WSC be held?

. organd address the following:
re planned at the next WSC?

10. Go to the Winter Simulation Conference website at www . wintersim.or
(a) _When was the largest (in attendance) WSC, and how many a!tende-d‘?
8) ‘Ishxz?at cal::l:ldizr year, from the beginning of WSC, was there no Conference?
at was the largest expanse of tim inni . ‘
o p ‘ e, from the beginning of WSC, between occurrences of the

d - . 3 - . - V
(d) Beg ning with the 25th WSC, can you discern a pattern for the location of the Conference?

g and address the fi ollowing:

11. "Applicati i si
Search the web for Applications of discrete simulation" and prepare a report based on the findings

. and prepare a report based on the findings.
earch the web for "Call center simulation" and prepare a report based on the findings.

12. Search the web for "Manufacturing simulation"
13.

2

Simulation Examples

This chapter presents several examples of simulations that can be performed by devising a simulation table
either manually or with a spreadsheet. The simulation table provides a systematic method for tracking system
state over time. These examples provide insight into the methodology of discrete-system simulation and the
descriptive statistics used for predicting system performance.

The simulations in this chapter are carried out by following three steps:

1. Determine the characteristics of each of the inputs to the simulation. Quite often, these are modeled
as probability diswibutions, either continuous or discrete.

2. Construct a simulation table. Each simulation table is different, for each is developed for the prob-
lem at hand. An example of a simulation table is shown in Table 2.1. In this example, there are p
inputs, x, j= 1, 2,..., p, and one response, ¥, for each of repetitions (or, trials) { = 1,2,..., n. Initialize
the table by filling in the data for repetition 1. : '

3. For each repetition i, generate a value for each of the p inputs, and evaluate the function, calculat-
ing a value of the response y,. The input values may be computed by sampling values from the
distributions chosen in step 1. A response typically depends on the inputs and one or more previous
responses.

This chapter gives a number of simulation examples in queueing, inventory, reliability, and network
analysis. The two queueing examples provide a single-server and two-server system, respectively. (Chapter 6
provides more insight into queueing models.) The first of the inventory examples involves a problem that
has a closed-form solution; thus, the simulation solution can be compared to the mathematical solution. The
second inventory example pertains to the classic order-level model.

Next, there is an example that introduces the concept of random normal numbers and a model for the

simulation of lead-time demand. The examples conclude with the analysis of a network.
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