




performance of the existing system. Identify sources of
randomness in the system, i.e., the stochastic input
variables. Select an appropriate input probability
distribution for each stochastic input variable and
estimate corresponding parameter(s).

Software packages for distribution fitting and
selection include ExpertFit, BestFit, and add-ons in some
standard statistical packages. These aids combine
goodness-of-fit tests, e.g., χ2 test, Kolmogorov-Smirnov
test, and Anderson-Darling test, and parameter
estimation in a user friendly format.

Standard distributions, e.g., exponential, Poisson,
normal, hyperexponential, etc., are easy to model and
simulate. Although most simulation software packages
include many distributions as a standard feature, issues
relating to random number generators and generating
random variates from various distributions are pertinent
and should be looked into. Empirical distributions are
used when standard distributions are not appropriate or
do not fit the available system data. Triangular, uniform
or normal distribution is used as a first guess when no
data are available. For a detailed treatment of probability
distributions see Maria and Zhang (1997).

Step 4. Formulate and develop a model. Develop
schematics and network diagrams of the system (How do
entities flow through the system?). Translate these
conceptual models to simulation software acceptable
form. Verify that the simulation model executes as
intended. Verification techniques include traces, varying
input parameters over their acceptable range and
checking the output, substituting constants for random
variables and manually checking results, and animation.

Step 5. Validate the model. Compare the model's
performance under known conditions with the
performance of the real system. Perform statistical
inference tests and get the model examined by system
experts. Assess the confidence that the end user places
on the model and address problems if any. For major
simulation studies, experienced consultants advocate a
structured presentation of the model by the simulation
analyst(s) before an audience of management and system
experts. This not only ensures that the model
assumptions are correct, complete and consistent, but
also enhances confidence in the model.

Step 6. Document model for future use. Document
objectives, assumptions and input variables in detail.

4 HOW TO DESIGN A SIMULATION
EXPERIMENT?

A simulation experiment is a test or a series of tests in
which meaningful changes are made to the input

variables of a simulation model so that we may observe
and identify the reasons for changes in the performance
measures. The number of experiments in a simulation
study is greater than or equal to the number of questions
being asked about the model (e.g., Is there a significant
difference between the mean delay in communication
networks A and B?, Which network has the least delay:
A, B, or C? How will a new routing algorithm affect the
performance of network B?). Design of a simulation
experiment involves answering the question: what data
need to be obtained, in what form, and how much? The
following steps illustrate the process of designing a
simulation experiment.

Step 7. Select appropriate experimental design.
Select a performance measure, a few input variables that
are likely to influence it, and the levels of each input
variable. When the number of possible configurations
(product of the number of input variables and the levels
of each input variable) is large and the simulation model
is complex, common second-order design classes
including central composite, Box-Behnken, and full-
factorial should be considered. Document the
experimental design.

Step 8. Establish experimental conditions for runs.
Address the question of obtaining accurate information
and the most information from each run. Determine if the
system is stationary (performance measure does not
change over time) or non-stationary (performance
measure changes over time). Generally, in stationary
systems, steady-state behavior of the response variable is
of interest. Ascertain whether a terminating or a non-
terminating simulation run is appropriate. Select the run
length. Select appropriate starting conditions (e.g., empty
and idle, five customers in queue at time 0). Select the
length of the warm-up period, if required. Decide the
number of independent runs - each run uses a different
random number stream and the same starting conditions -
by considering output data sample size. Sample size must
be large enough (at least 3-5 runs for each configuration)
to provide the required confidence in the performance
measure estimates. Alternately, use common random
numbers to compare alternative configurations by using a
separate random number stream for each sampling
process in a configuration. Identify output data most
likely to be correlated.

Step 9. Perform simulation runs. Perform runs
according to steps 7-8 above.

5 HOW TO PERFORM SIMULATION
ANALYSIS?
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♦ Poor schedule and budget planning.
♦ Poor communication among the personnel involved

in the simulation study.

REFERENCES

Banks, J., J. S. Carson, II, and B. L. Nelson. 1996.
Discrete-Event System Simulation, Second Edition,
Prentice Hall.

Bratley, P., B. L. Fox, and L. E. Schrage. 1987. A Guide
to Simulation, Second Edition, Springer-Verlag.

Fishwick, P. A. 1995. Simulation Model Design and
Execution: Building Digital Worlds, Prentice-Hall.

Freund, J. E. 1992. Mathematical Statistics, Fifth Edition,
Prentice-Hall.

Hogg, R. V., and A. T. Craig. 1995. Introduction to
Mathematical Statistics, Fifth Edition, Prentice-Hall.

Kleijnen, J. P. C. 1987. Statistical Tools for Simulation
Practitioners, Marcel Dekker, New York.

Law, A. M., and W. D. Kelton. 1991. Simulation
Modeling and Analysis, Second Edition,
McGraw-Hill.

Law, A. M., and M. G. McComas. 1991. Secrets of
Successful Simulation Studies, Proceedings of the
1991 Winter Simulation Conference, ed. J. M.
Charnes, D. M. Morrice, D. T. Brunner, and J. J.
Swain, 21-27. Institute of Electrical and Electronics
Engineers, Piscataway, New Jersey.

Maria, A., and L. Zhang. 1997. Probability Distributions,
Version 1.0, July 1997, Monograph, Department of
Systems Science and Industrial Engineering, SUNY
at Binghamton, Binghamton, NY 13902.

Montgomery, D. C. 1997. Design and Analysis of
Experiments, Third Edition, John Wiley.

Naylor, T. H., J. L. Balintfy, D. S. Burdick, and K. Chu.
1966. Computer Simulation Techniques, John Wiley.

Nelson, B. L. 1995. Stochastic Modeling: Analysis and
Simulation, McGraw-Hill.

AUTHOR BIOGRAPHY

ANU MARIA is an assistant professor in the department
of Systems Science & Industrial Engineering at the State
University of New York at Binghamton. She received
her PhD in Industrial Engineering from the University of
Oklahoma. Her research interests include optimizing the
performance of materials used in electronic packaging
(including solder paste, conductive adhesives, and
underfills), simulation optimization techniques, genetics
based algorithms for optimization of problems with a
large number of continuous variables, multi criteria
optimization, simulation, and interior-point methods.

                                                                                        Introduction to Modeling and Simulation 13


