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PREFACE

  Modeling and simulation (M & S) has evolved from tool to discipline in less 
than two decades. With the technology boom of the 1990s came the ability to 
use models and simulations in nearly every aspect of life. What was once a 
tool for training the military (war - gaming) is now a capability to better under-
stand human behavior, enterprise systems, disease proliferation, and so much 
more. To equip developers of M & S, the theoretical underpinnings must be 
understood. To prepare users of M & S, practical domains must be explored. 
The impetus for this book is to provide students of M & S with a study of the 
discipline a survey at a high - level overview. 

 The purpose of the text is to provide a study that includes defi nitions, para-
digms, applications, and subdisciplines as a way of orienting students to M & S 
as a discipline and to its body of knowledge. The text will provide general 
conceptual framework for further MSIM studies. 

 To students who will be reading this text, we offer an incisive analysis of 
the key concepts, body of knowledge, and application of M & S. This text is 
designed for graduate students with engineering, mathematical, and/or com-
puter science undergraduate training for they must have profi ciency with 
mathematical representations and computer programs. 

 The text is divided into 12 chapters that build from topic to topic to provide 
the foundation/theoretical underpinnings to M & S and then progress to applica-
tions/practical domains. Chapter  1 ,  “ Introduction to Modeling and Simulation, ”  
provides a brief history, terminology, and applications and domains of M & S. 
Chapter  2 ,  “ Statistical Concepts for Discrete Event Simulation, ”  provides the 
mathematical background. Chapters  3  to  5  develop a three - part series of M & S 
paradigms, starting with Chapter  3 ,  “ Discrete - Event Simulation, ”  Chapter  4 , 
 “ Modeling Continuous Systems, ”  and Chapter  5 ,  “ Monte Carlo Simulation. ”  
Chapters  6  and  7  develop two areas necessary for model development. 
Chapter  6 ,  “ Systems Modeling: Analysis and Operations Research, ”  reviews 
model types and research methods, and Chapter  7 ,  “ Visualization, ”  brings into 
the discussion the importance of graphics. 

 The next four chapters cover sophisticated methodologies, verifi cation 
and validation, and advanced simulation techniques: Chapter  8 ,  “ M & S 
Methodologies: A Systems Approach to the Social Sciences, ”  Chapter  9 , 
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 “ Modeling Human Behavior, ”  Chapter  10 ,  “ Verifi cation, Validation, and 
Accreditation, ”  and Chapter  11 ,  “ An Introduction to Distributed Simulation. ”  
The concluding chapter,  “ Interoperability and Composability, ”  introduces 
the importance of interoperability for engaging M & S within a number of 
domains. 

 While fi gures in the book are not printed in color, some chapters have 
fi gures that are described using color. The color representations of these 
fi gures may be downloaded from the following site:  ftp://ftp.wiley.com/public/
sci_tech_med/modeling_simulation . 

   J ohn  A. S okolowski
 C atherine  M. B anks
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Modeling and Simulation Fundamentals: Theoretical Underpinnings and Practical Domains,
Edited by John A. Sokolowski and Catherine M. Banks
Copyright © 2010 John Wiley & Sons, Inc.

1
INTRODUCTION
 TO MODELING

 AND SIMULATION 

Catherine M. Banks

     Modeling and simulation (M & S) is becoming an academic program of choice 
for science and engineering students in campuses across the country. As a 
discipline, it has its own body of knowledge, theory, and research methodology. 
Some in the M & S community consider it to be an infrastructure discipline 
necessary to support integration of the partial knowledge of other disciplines 
needed in applications. Its robust theory is based on dynamic systems, com-
puter science, and an ontology of the domain. Theory and ontology character-
ize M & S as distinct in relation to other disciplines; these serve as necessary 
components of a body of knowledge needed to practice M & S professionally 
in any of its aspects. 

 At the core of the discipline of M & S is the fundamental notion that  models
are approximations of the real world . This is the fi rst step in M & S, creating a 
model approximating an event or a system. In turn, the model can then be 
modifi ed in which  simulation  allows for the repeated observation of the model. 
After one or many simulations of the model,  analysis  takes place to draw 
conclusions, verify and validate the research, and make recommendations 
based on various simulations of the model. As a way of representing data, 
visualization  serves to interface with the model. Thus, M & S is a problem - based 
discipline that allows for repeated testing of a hypothesis. Signifi cantly, M & S 
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expands the capacity to analyze and communicate new research or fi ndings. 
This makes M & S unique to other methods of research and development. 

 Accordingly, the intent of this text is to introduce students to the funda-
mentals, the theoretical underpinnings, and practical domains of M & S as a 
discipline. An understanding and application of these skills will prepare M & S 
professionals to engage this critical technology.  

M&S

 The foundation of an M & S program of study is its curriculum built upon four 
precepts — modeling, simulation, visualization, and analysis. The discussion 
below is a detailed examination of these precepts as well as other terms inte-
gral to M & S.  *   A good place to start is to defi ne some principal concepts like 
system, model, simulation, and M & S. 

Defi nition of Basic Terms and Concepts 

 Because system can mean different things across the disciplines, an agreed 
upon defi nition of system was developed by the International Council of 
Systems Engineering (INCOSE). INCOSE suggests that a  system  is a con-
struct or collection of different elements that together produces results not 
obtainable by the elements alone.  *  *   The elements can include people, hard-
ware, software, facilities, policies, documents — all things required to produce 
system - level qualities, properties, characteristics, functions, behavior, and per-
formance. Importantly, the value of the system as a whole is the relationship 
among the parts. A system may be  physical , something that already exists, or 
notional , a plan or concept for something physical that does not exist. 

 In M & S, the term system refers to the subject of model development; that 
is, it is the subject or thing that will be investigated or studied using M & S. 
When investigating a system, a quantitative assessment is of interest to the 
modeler — observing how the system performs with various inputs and in dif-
ferent environments. Of importance is a quantitative evaluation of the perfor-
mance of the system with respect to some specifi c criteria or performance 
measure. There are two types of systems: (1)  discrete , in which the state vari-
ables (variables that completely describe a system at any given moment in 
time) change instantaneously at separate points in time, and (2)  continuous , 

     *      Portions of this chapter are based on Banks CM. What is modeling and simulation? In  Principles
of Modeling and Simulation: A Multidisciplinary Approach . Sokolowski JA, Banks CM (Eds.). 
Hoboken, NJ: John Wiley & Sons; 2009; VMASC short course notes prepared by Mikel D. Petty; 
and course notes prepared by Roland R. Mielke, Old Dominion University.  
   *  *      Additional information and defi nitions of system can be found at the INCOSE online glossary 
at  http://www.incose.org/mediarelations/glossaryofseterms.aspx .  
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where the state variables change continuously with respect to time. There are 
a number of ways to study a system: 

  (1)     the actual system versus a model of the system  
  (2)     a physical versus mathematical representation  
  (3)     analytic solution versus simulation solution (which exercises the simu-

lation for inputs to observe how they affect the output measures of 
performance)  [1] .    

 In the study of systems, the modeler focuses on three primary concerns: 
(1) the quantitative analysis of the systems; (2) the techniques for system 
design, control, or use; and (3) the measurement or evaluation of the system 
performance. 

 The second concept,  model , is a physical, mathematical, or otherwise logical 
representation of a system, entity, phenomenon, or process. Simply, models 
serve as representations of events and/or things that are real (such as a historic 
case study) or contrived (a use case). They can be representations of actual 
systems. This is because systems can be diffi cult or impossible to investigate. 

 As introduced above, a system might be large and complex, or it might be 
dangerous to impose conditions for which to study the system. Systems that 
are expensive or essential cannot be taken out of service; systems that are 
notional do not have the physical components to conduct experiments. Thus, 
models are developed to serve as a stand - in for systems. As a substitute, the 
model is what will be investigated with the goal of learning more about the 
system. 

 To produce a model, one abstracts from reality a description of the system. 
However, it is important to note that a model is not meant to represent all 
aspects of the system being studied. That would be too timely, expensive, and 
complex — perhaps impossible. Instead, the model should be developed as 
simply as possible, representing only the system aspects that affect system 
performance being investigated in the model. Thus, the model can depict the 
system at some point of abstraction or at multiple levels of the abstraction 
with the goal of representing the system in a reliable fashion. Often, it is 
challenging for the modeler to decide which aspects of a system need to be 
included in the model. 

 A model can be  physical , such as a scale model of an airplane to study 
aerodynamic behavior. A physical model, such as the scale model of an air-
plane, can be used to study the aerodynamic behavior of the airplane through 
wind - tunnel tests. At times, a model consists of a set of mathematical equations 
or logic statements that describes the behavior of the system. These are 
notional  models. Simple equations often result in analytic solutions or an 
analytic representation of the desired system performance characteristic under 
study. 

 Conversely, in many cases, the mathematical model is suffi ciently complex 
that the only way to solve the equations is numerically. This process is referred 
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to as  computer simulation . Essentially, a system is modeled using mathematical 
equations; then, these equations are solved numerically using a digital com-
puter to indicate likely system behavior. There are distinct differences between 
the numerical and the analytic way of solving a problem: Analytic solutions 
are precise mathematical proofs, and as such, they cannot be conducted for all 
classes of models. The alternative is to solve numerically with the understand-
ing that an amount of error may be present in the numerical solution. 

 Below is an example of developing a model from a mathematical equation. 
The goal of the model is to represent the vertical height of an object moving 
in one dimension under the infl uence of gravity (Fig.  1.1 ).   

 The model takes the form of an equation relating the object height  h  to 
the time in motion  t , the object initial height  s , and the object initial velocity 
 v , or:

   h at vt s= + +1
2

2 ,  

where

   h        =   height (feet),  
  t        =   time in motion (seconds),  
  v        =   initial velocity (feet per second,   +   is up),  
  s        =   initial height (feet),  
  a        =   acceleration (feet per second per second).    

 This model represents a fi rst - order approximation to the height of the 
object. Conversely, the model fails, however, to represent the mass of the 
object, the effects of air resistance, and the location of the object. 

 Defi ning the third concept,  simulation , is not as clear - cut as defi ning the 
model. Defi nitions of simulation vary: 

     Figure 1.1     Model example.  



M&S  5

  (1)     a method for implementing a model over time  
  (2)     a technique for testing, analysis, or training in which real - world systems 

are used, or where real - world and conceptual systems are reproduced 
by a model  

  (3)     an unobtrusive scientifi c method of inquiry involving experiments 
with a model, rather than with the portion of reality that the model 
represents

  (4)     a methodology for extracting information from a model by observing 
the behavior of the model as it is executed  

  (5)     a nontechnical term meaning not real, imitation    

 In sum, simulation is an applied methodology that can describe the behav-
ior of that system using either a mathematical model or a symbolic model  [2] . 
It can be the imitation of the operation of a real - world process or system over 
a period of time  [3] . 

 Recall, engaging a real system is not always possible because (1) it might 
not be accessible, (2) it might be dangerous to engage the system, (3) it might 
be unacceptable to engage the system, or (4) the system might simply not exist. 
To counter these constraints, a computer will  imitate  operations of these 
various real - world facilities or processes. Thus, a simulation may be used when 
the real system cannot be engaged. 

 Simulation, simulation model, or software model is also used to refer to the 
software implementation of a model. The mathematical model of the Model 
Example 1 introduced above may be represented in a software model. The 
example below is a C program  that calculates the height of an object moving 
under gravity: 

Simulation Example 1

/* Height of an object moving under gravity.  */
/* Initial height v and velocity s constants.  */
main()
{

float h, v = 100.0, s = 1000.0; 
int t; 
for (t = 0, h = s; h >= 0.0; t++) 
{

h = ( -16.0 * t  * t) + (v  * t) + s; 
printf(“Height at time %d = %f\n ”, t, h); 

}
}

 This is a software implementation of the model. In an actual application,  s
and v  would be identifi ed as input variables rather than constants. The result 
of simulating this model, executing the software program on a computer, is a 
series of values for h  at specifi ed times  t . 
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 Below is another output of the same model showing the results of simulat-
ing or executing the model of an object moving under the infl uence of gravity. 
The simulation is conducted for an initial height of  s    =   1000   ft, and an initial 
velocity of  v    =   100   ft/s. Note from the example that the positive reference for 
velocity is up, an acceleration of  − 32   ft/s/s. The results of the simulation are 
presented in tabular and graphic forms (Fig.  1.2 ):   

  Simulation Example 2 

   

Model:

Data: ft s  ft ft s

h at vt sv at v

v s a

= + + = +

= = = −

1
2

2
0

0 100 1000 32, , 22.   

 There are several terms associated with the execution of a simulation. The 
term  run  and/or  trial  is used to refer to a single execution of a simulation, as 
shown above. They may also refer to a series of related runs of a simulation 
as part of an analysis or experimentation process. The term  exercise  is used to 
refer to a series of related runs of the simulation as part of a training process. 
Thus, trial and exercise are similar in meaning but imply different uses of the 
simulation runs. Lastly, simulation also allows for virtual reality research 
whereby the analyst is immersed within the simulated world through the use 
of devices such as head - mounted display, data gloves, freedom sensors, and 
forced - feedback elements  [2] . 

 The fourth concept is  M & S . M & S refers to the overall process of developing 
a model and then simulating that model to gather data concerning performance 
of a system. M & S uses models and simulations to develop data as a basis 
for making managerial, technical, and training decisions. For large, complex 
systems that have measures of uncertainty or variability, M & S might be the 
only feasible method of analysis of the system. M & S depends on computa-
tional science for the simulation of complex, large - scale phenomena. (Compu-
tational science is also needed to facilitate the fourth M & S precept, visualization, 
which serves to enhance the modeler ’ s ability to understand or interpret that 
information. Visualization will be discussed in more detail below.) 

 In review, M & S begins with (1) developing computer simulation or a design 
based on a model of an actual or theoretical physical system, then (2) execut-
ing that model on a digital computer, and (3) analyzing the output. Models 

t
0
1
2
3
4
5
6
7

v
100
68
36
4

–28
–60
–92

–124

h
1000

Height of falling object

1200
1000
800
600
400
200

0
0 2 4

Time

HeightH
e
ig

h
t

6 8

1052
972
860
719
540
332
92

     Figure 1.2     Tabular and graphic simulation.  
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and the ability to act out with models is a credible way of understanding the 
complexity and particulars of a real entity or system  [2] .  

   M  &  S  Development Process Cycle 

 The process of M & S passes through four phases of a cyclic movement: model, 
code, execute, and analyze. Each phase depends on a different set of support-
ing technologies: 

  (1)     model phase   =   modeling technologies  
  (2)     code phase   =   development technologies  
  (3)     execute phase   =   computational technologies  
  (4)     analyze phase   =   data/information technologies    

 Figure  1.3  illustrates these phases and their related technologies  [4] . The 
fi gure also depicts two processes: (1) the phases used in the development and 
testing of computer models and simulations and 2) the phases involved in 
applying M & S to the investigation of a real - world system.   

  Modeling Technologies     The construction of a model for a system requires 
data, knowledge, and insight about the sysyem. Different types of systems are 
modeled using different constructs or paradigms. The modeler must be profi -
cient in his or her understanding of these different system classes and select 
the best modeling paradigm to capture or represent the system he or she is to 
model. As noted previoulsy, modeling involves mathematics and logic to 
describe expected behavior; as such, only those system behaviors siginifi cant 
to the study or research question need be represented in the model.  

  Development Technologies     The development of a simulation is a software 
design project. Computer code must be written to algorithmically represent 

Modeling technologies

Theories, information, algorithms, and

processes that support model development

•  Model types

•  Modeling paradigms

Development technologies

Techniques, tools, and software for design

and implementation of simulations

•  Software engineering

•  Project management

Data/information technologies

Processes and tools for data capture,

storage, transformation, and analysis

•  Statistics

•  VV&A

Computation technologies

Computers and systems

to host simulations

Results

Insight Simulation

Analyze Execute

ImplementModel

Model

•  Computer architectures

•  Systems configurations

     Figure 1.3     M & S cycle and relevant technologies  (adapted from Starr and Orlov  [4] ) .  
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the mathematical statements and logical constructs of the model. This phase 
of the M & S cycle uses principles and tools of software engineering.  

Computational Technologies     The simulation is next executed to produce 
performance data for the system. For simple simulations, this might mean 
implementing the simulation code on a personal computer. For complex simu-
lations, the simulation code might be implemented in a distributed, multipro-
cessor or multicomputer environment where the different processing units are 
interconnected over a high - speed computer network. Such an implementation 
often requires specialized knowledge of computer architectures, computer 
networks, and distributed computing methodologies.  

Data/Informational Technologies     During this phase of the M & S process, 
analysis of the simulation output data is conducted to produce the desired 
performance information that was the original focus of the M & S study. If the 
model contains variability and uncertainty, then techniques from probability 
and statistics will likely be required for the analysis. If the focus of the study 
is to optimize performance, then appropriate optimization techniques must be 
applied to analyze the simulation results. 

 The desired M & S process will undoubtedly take a number of iterations of 
the M & S cycle. The fi rst iteration often provides information for modifying 
the model. It is a good practice to repeat the cycle as often as needed until the 
simulation team is satisfi ed that the results from the M & S study are close 
enough to the performance of the system being studied. 

 Figure  1.4  provides a more detailed view of the M & S cycle with the addition 
of details such as verifi cation, validation, and accreditation (VV & A) activities, 
which serve to ensure a more correct and representative model of the system 
 [5] . (The  dashed connectors  show how the process advances from one phase 
to the next. The  solid connectors  show the VV & A activities that must be inte-
grated with the development activities.)    

Verifi cation     Verifi cation ensures that M & S development is conducted cor-
rectly, while  validation  ensures that the model represents the real system and 
that the model is truly representative of that system. (Chapter  10  will provide 
a thorough discussion on the subject of VV & A.) This diagram illustrates how 
VV & A activities are not conducted as a phase of the M & S process, but as 
activities integrated throughout the M & S process.  

 To engage the entire M & S process, a number of related concepts and dis-
ciplines must be incorporated into the cycle.  

Related Disciplines 

 There are fi ve key concepts and/or disciplines related to the M & S process: 
probability and statistics, analysis and operations research, computer visualiza-
tion, human factors, and project management. Each will be briefl y discussed. 



M&S  9

  Probability and Statistics     Nearly all systems in the real - world display 
varying degrees of uncertainty. For instance, there is uncertainty in the move-
ment of cars at a stop light: 

  (1)     How long before the fi rst car acknowledges the light change to green?  
  (2)     How fast does that car take off?  
  (3)     At what time does the second car start moving?  
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     Figure 1.4     Detailed M & S life cycle  (adapted from Balci  [5] ).  VV & T, verifi cation, validation, and 
testing.  
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  (4)     What is the spatial interval between cars?  
  (5)     What happens if one of the cars in the chain stalls?    

 In modeling a situation such as traffi c movement at a stop light, one cannot 
ignore or attempt to average the uncertainty of response/movement because 
the model would then lack validity. Inclusion of uncertainty and variability 
requires that system parameters be represented as random variables  or  random
process . 

 Working with random variables requires the use of concepts and theories 
from probability and statistics , a branch of mathematics. Probability and sta-
tistics are used with great frequency in M & S to generate random variates to 
model system random input variables that represent uncertainty and variabil-
ity, and to anaylze the output from  stochastic models  or systems. 

 Stochastic models contain parameters that are described by random vari-
ables; thus, simulation of stochastic models results in outputs that are also 
random variables. Probability and statistics are key to analysis of these types 
of systems. Chapters  2  and  5  will provide further discussion of this signifi cant 
branch of mathematics.  

Analysis and Operations Research     The conduct of a simulation study 
results in the generation of system performance data, most often in large 
quantities. These data are stored in a computer system as large arrays of 
numbers. The process of converting the data into meaningful information that 
describes the behavior of the system is called analysis . There are numerous 
techniques and approaches to conducting analysis. The development and use 
of these techniques and approaches are a function of the branch of mathemat-
ics and systems engineering called operations research . 

 M & S - based analysis has a simulation output that typically represents a 
dynamic response of the modeled system for a given set of conditions and 
inputs. Analysis is performed to transform these data when seeking answers 
to questions that motivated the simulation study. The simulation study can 
include a number of functions: 

  (1)      design of experiments  — the design of a set of simulation experiments 
suitable for addressing a specifi c system performance question;  

  (2)      performance evaluation  — the evaluation of system performance, mea-
surement of how it approaches a desired performance level;  

  (3)      sensitivity analysis  — system sensitivity to a set of input parameters;  
  (4)      system comparison  — comparison of two or more system alternatives to 

derive best system performance with given conditions;  
  (5)      constrained optimization  — determination of optimum parameters to 

derive system performance objective.    

 Recall, analysis is one of the four precepts of M & S (along with modeling, 
simulation, and visualization). Simply, analysis takes place to draw conclusions, 
verify and validate the research, and make recommendations based on various 
simulations of the model. Chapter  4  delves further on the topics of queuing 



M&S  11

theory - based models, simulation methodology, and spreadsheet simulation —
 all functions of analysis.  

Computer Visualization     Visualization is the ability to represent data as a 
way to interface with the model. (It is also one of the four precepts of M & S.) 
The systems that are investigated using M & S are large and complex; too often 
tables of data and graphs are cumbersome and do not serve to clearly under-
stand the behavior of systems. Visualization is used to represent the data. 

 Computer graphics and computer visualization are used to construct two -
 dimensional and three - dimensional models of the system being modeled. This 
allows for the visual plotting and display of system time response functions  to 
visualize complex data sets and to animate visual representations of systems 
to understand its dynamic behavior more adequately. M & S professionals who 
are able to engage visualization  fully are able to provide an overview of inter-
active, real - time, three - dimensional computer graphics and visual simulations 
using high - level development tools. These tools facilitate virtual reality 
research, whereby the analyst is immersed within the simulated world through 
the use of devices such as head - mounted display, data gloves, freedom sensors, 
and forced - feedback elements  [2] .  Computer animations  are offshoots of com-
putational science that allow for additional variations in modeling.  *   Chapter 
 7  will provide an in - depth discussion of visualization.  

Human Factors     Most simulations are developed to interface with a human 
user. These simulations place humans as system components within the model. 
To do this effi ciently and effectively, the simulation designer must have a basic 
understanding of human cognition and perception. With this knowledge, the 
simulation designer can then create the human – computer interface to account 
for the strengths and weaknesses of the human user. These areas of study are 
called human factors  and  human– computer  ı nterfacing . The modeling of human 
factors is called human behavior modeling . This type of modeling focuses 
primarily on the computational process of human decision making. All three 
areas of study are typically subareas of psychology, although disciplines within 
the social sciences (such as history, geography, religious studies, political 
science) also make signifi cant contributions to human behavior modeling.  *  *   
Chapter  9  addresses human factors in M & S.  

Project Management     The application of the M & S process to solve real -
 world problems is a daunting task, and, if not managed properly, it can become 

   *       Computer animation  is emphasized within computer graphics, and it allows the modeler to create 
a more cohesive model by basing the animation on more complex model types. With the increased 
use of system modeling, there has been an increased use of computer animation, also called physi-
cally based modeling  [4] .  
   *  *      For more information on human behavior modeling and case studies using systems dynamics, 
game theory, social network modeling, and ABM to represent human behavior, see Sokolowski 
JA, Banks CM. (Eds.).  Principles of Modeling and Simulation: A Multidisciplinary Approach . 
New York: John Wiley & Sons; 2009; and Sokolowski JA, Banks CM.  Modeling and Simulation 
for Analyzing Global Events . New York: John Wiley & Sons; 2009.  
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a problem in itself. For instance, there might be thousands of people and 
months of effort invested in a project requiring effective and effi cient manage-
ment tools to facilitate smooth outlay. When computer simulation is the only 
method available to investigate such large - scale projects, the M & S process 
becomes a large technical project requiring oversight and management. Thus, 
the M & S professional must be acquainted with project management, a subarea 
of engineering management. 

 With this introduction of M & S fundamentals, what is meant by M & S and 
the related areas of study that are important to the M & S process, one can 
progress to a more detailed discussion of M & S characteristics, paradigms, att-
tributes, and applications.    

M&S CHARACTERISTICS AND DESCRIPTORS 

 Understanding what is meant by M & S and how, as a process, it can serve a 
broad venue of research and development is one ’ s initial entry into the M & S 
community. As M & S professionals, one must progress to understanding and 
engaging various simulation paradigms and modeling methods. The informa-
tion below will introduce some of these characteristics and descriptors. 

Simulation Paradigms 

 There are different simulation paradigms that are prominent in the M & S 
process. First, there is the  Monte Carlo simulation  (also called the Monte Carlo 
method), which randomly samples values from each input variable distribution 
and uses that sample to calculate the model ’ s output. This process of random 
sampling is repeated until there is a sense of how the output varies given the 
random input values. Monte Carlo simulation models system behavior using 
probabilities. Second is  continuous simulation  whereby the system variables 
are continuous functions of time . Time is the independent variable and the 
system variables evolve as time progresses. Continuous simulations systems 
make use of differential equations in developing the model. The third simula-
tion paradigm is discrete - event simulation  in which the system variables are 
discrete functions in time . These discrete functions in time result in system 
variables that change only at distinct instants of time. The changes are associ-
ated with an occurence of a system event. Discrete - event simulations advance 
time from one event to the next event. This simulation paradigm adheres to 
queuing theory models. Continuous and discrete - event simulations are  dynamic
systems  with variables changing over time. All three of these simulation para-
digms are discussed individually in Chapters  2  –  4 .  

M&S Attributes 

 There are three primary descriptors applied to a  model  or  simulation  that serve 
as attributes or defi ning properties/characteristics of the model or simulation. 
These are fi delity, resolution, and scale. 
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Fidelity  is a term used to describe how the model or the simulation closely 
matches reality. The model or simulation that closely matches or behaves 
like the real system it is representing has a high fi delity. Attaining high fi delity 
is not easy because models can never capture every aspect of a system. Models 
are built to characterize only the aspects of a system that are to be investigated. 
A great degree of effort is made to achieve high fi delity. A low fi delity is 
tolerated with regard to the components of the system that are not important 
to the invesigation. Similarly, different applications might call for different 
levels of fi delity. The simulation of the system for thesis research and develop-
ment may require higher levels of fi delity than a model that is to be used for 
training. 

 Often, the term fi delity is used incorrectly with  validity  to express the accu-
racy of the representation. Only validity conveys three constructs of accuracy 
of the model: 

  (1)      reality  — how the model closely matches reality  
  (2)      representation  — some aspects are represented, some are not  
  (3)      requirements  — different levels of fi delity required for different 

applications.    

Resolution  (also known as granularity) is the degree of detail with which 
the real world is simulated. The more detail included in the simulation, the 
higher the resolution. A simple illustration would be the simulation of an 
orange tree. A simulation that represents an entire grove would prove to have 
a much lower resolution of the trees than a simulation of a single tree. 
Simulations can go from low to high resolution. Return to the example of the 
tree: The model can begin with a representation of the entire forest, then a 
model of an individual tree, then a model of that individual tree ’ s fruit, with 
a separate model of each piece of fruit in varying stages of maturity. 

Scale  is the size of the overall scenario or event the simulation represents; 
this is also known as level. Logically, the larger the system or scenario, the 
larger the scale of the simulation. Take for example a clothing factory. The 
simulation of a single sewing machine on the factory fl oor would consist of a 
few simulation components, and it would require the representation of only a 
few square feet of the entire factory. Conversely, a simulation of the entire 
factory would require representations of all machines, perhaps hundreds of 
simulation components, spread out over several hundred thousand square feet 
of factory space. Obviously, the simulation of the single sewing machine would 
have a much smaller scale than the simulation of the entire factory. 

 With an understanding of fi delity, resolution, and scale as individual attri-
butes of M & S comes the ability to join these attributes to one another. The 
ability to relate fi delity and resolution, or fi delity and scale, or resolution and 
scale provides insight to the different types of simulations being used today. 
Table  1.1  is a comparison of  fi delity and resolution  premised on the common 
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assumption that increasing resolution increases fi delity. This premise is not 
absolute because it is possible to increase the resolution of the simulation 
without increasing the fi delity of the simulation. Note the four combinations 
of fi delity – resolution.   

 The assumption held regarding  fi delity and scale  is that increasing scale 
results in decreasing fi delity. This assumption is unsound. As scale increases, it 
is likely that there will be an increase in the number of simulated entities. 
However, what if there is an aggregation of closely related entities as a single 
simulation entity? If the research question of the system sought to address 
behavior of related groups, then the increasing scale might have no effect on 
the fi delity of the simulation. Note the four combinations of fi delity – scale in 
Table  1.2 .   

 The fi nal comparison is that of  resolution and scale . In general terms, more 
resolution leads to less scale and vice versa. Increasing scale results in decreas-
ing resolution. This is due to the fact that the computing system hosting the 
simulation has a fi nite limit on the computing capability, especially since each 
simulation entity requires a specifi c amount of computational power for a 
given level of resolution. As scale increases, the number of entities increases, 
and these entities require additional computational capability. If the compu-
tational capability is at its limit, then increases in scale can only take place if 
the resolution of the simulation is lowered. As a result, high resolution, high -
 scale simulations are constrained by computing requirements. Note the four 
combinations of resolution – scale in Table  1.3 .   

 Once a model has been developed with the correct simulation paradigm 
engaged and a full appreciation of fi delity, resolution, and scale as attributes 

Table 1.2 Comparing fi delity and scale 

   Scale  

   Fidelity  

   Low     High  

  High    Board game –  –  Battleground   Massive multiplayer online 
games –  –  World of Warcraft

  Low    Personal computer combat 
simulator –  –  Doom

  First - person shooter –  –  Halo

Table 1.1 Comparing fi delity and resolution 

   Resolution  

   Fidelity  

   Low     High  

  Low    Board game –  –  chess     Agent - based simulation –  –  Swarm
  High    Personal computer fl ight 

simulator –  –  Microsoft
Flight Simulator

  Platform - level training 
simulation –  – airline fl ight 
simulator


