A METHODOLOGY FOR THE DEVELOPMENT OF MODELS FOR
THE SIMULATION OF NON-OBSERVABLE SYSTEMS

A Thesis
Presented to
The Academic Faculty

by

Andrew J. Turner

In Partial Fulfillment
of the Requirements for the Degree
Doctor of Philosophy in the
School of Aerospace Engineering

Georgia Institute of Technology
May 2014

Copyright (© 2014 by Andrew J. Turner



A METHODOLOGY FOR THE DEVELOPMENT OF MODELS FOR
THE SIMULATION OF NON-OBSERVABLE SYSTEMS

Approved by:

Dimitri Mavris, Advisor David Goldsman
School of Aerospace Engineering School of Industrial and Systems
Georgia Institute of Technology Engineering

Georgia Institute of Technology
Daniel Schrage Eugene Paulo
School of Aerospace Engineering School of Engineering and Applied
Georgia Institute of Technology Sciences

Naval Postgraduate School

Charles Domercant Date Approved: May 2014
School of Aerospace Engineering
Georgia Institute of Technology



For my brother, Josh

iii



ACKNOWLEDGEMENTS

The development of a thesis and the writing of a dissertation is a challenging and extended
process. It is a process that requires both professional and personal support from mentors,
colleagues, and family. I would like to thank the many people that have supported me
throughout this process.

First and foremost, I would like to thank my family for their love and support that
started decades before the undertaking of this thesis and will remain in the decades that
follow its completion. My family has provided the bedrock from which I have built my
career and my character.

I would like to thank my numerous colleagues past and present, near and far. Over the
years they have provided extensive feedback on research questions posed, solutions offered,
and the many words that led to this dissertation. Their valued input has helped to elevate
my work and refine my skills as a professional.

I would like to thank my committee, Professor Dimitri Mavris, Professor Daniel Schrage,
Doctor Charles Domercant, Professor David Goldsman, and Professor Eugene Paulo. Each
has greatly contributed their unique knowledge and expertise to me and have guided me
throughout this research effort. I am thankful for the time, effort, and care that each has
provided me. I am fortunate to have had such a supportive committee.

Finally, I would like to express my deepest gratitude to my mentor and advisor Professor
Dimitri Mavris, fondly known as Doc. Doc has provided mentoring and guidance to me
since my sophomore year of college. Over the past eight years Doc has provided numerous
opportunities for me. During my undergraduate years he provided funding and guidance so
that I could participate in a design competition. This is where I first felt like an engineer.
This was followed by numerous and diverse research opportunities which provided funding
and enabled me to pursue my graduate studies. During my graduate studies Doc supported

and encouraged my numerous and diverse research interests until I found one that was both

v



enlightening and challenging; one that was worth the writing of a dissertation. For all the
opportunities and advise given, I am truly grateful.

Many people have provided professional and personal support to me over the years. I
can only hope that I, one day, may provide the same opportunities and support to the next

generation of engineers and scientist as I have received.



DEDICATION

TABLE OF CONTENTS

ACKNOWLEDGEMENTS . . . . . ... . e

LIST OF TABLES . . . . . . . e

LIST OF FIGURES . . . . . . .. e

SUMMARY

I

11

111

INTRODUCTION TO MODELING AND SIMULATION .. ... ..

1.1 The Definition of Models and Simulations . . . . . . . . . . .. ... ...

1.2 The Successful Use and Application of Models and Simulations . . . . . .

1.3  Verification and Validation of Models and Simulations . . . . . ... . ..

1.3.1

Subjective Validation Example and Observations . . . .. .. ...

1.4 Summary and Motivation. . . . . . . .. ... Lo

MODEL DEVELOPMENT PROCEDURES . ... ... .........

2.1 Phases of the Model Life Cycle . . . . ... ... ... ... ........

2.2 Procedures for the Development of Models and Use . . . . ... ... ...

2.2.1
222
2.2.3
224
2.2.5
2.2.6
2.2.7

The Sargent Circle . . . . ... ... ... . .. ..
The Shannon Life Cycle . . . . ... ... ... ... ... .....
The Evolved Sargent Circle . . .. ... ... ... ... ......
Banks’ Steps in a Simulation Study . . . . ... ..o
Law’s Steps in a Simulation Study . . . . .. ... ... ... ...
Balci’s 1986 Simulation Life-Cycle . . . . . . . ... .. ... ..
Balci’s 2011 Simulation Life-Cycle . . . . . .. ... ... ... ...

2.3 Selection of a Model Development Procedure . . . . . . .. ... ... ...

2.4  Assessment of Balci’s 1986 Procedure . . . . . . . . ... ... ..

PROBLEM FORMULATION THROUGH SYSTEM DEFINITION .

3.1 Problem Formulation . . . . . . . . . . . . ... ...

3.2 System and Objectives Definition . . . . . . . ... ... ... ... ....

3.2.1
3.2.2

Soft Systems Methodology . . . . . . .. ... ... ... ......

Requirements Engineering . . . . . . . ... ..o

vi

S ot N =

14
18

20
22
25
26
27
31
32
36
39
43
46
o1



3.2.3 Unified Modeling Language . . . . . .. ... ... ... ...... 70

3.2.4 Systems Modeling Language . . . . . .. ... ... ... ... .. 81
3.2.5 Department of Defense Architecture Framework . . . . . . . .. .. 87
3.3 Selection of a Method for System and Objectives Definition . . . ... .. 98
IV CONCEPTUAL MODELS AND COMMUNICATIVE MODELS . . . 102
4.1 Proposed Conceptual Model Approach . . . . .. ... ... ... ..... 105
4.1.1 Visualization of System Decomposition . . . . .. . ... ... ... 106
4.1.2 Defining the Impact Relationship between Metrics. . . . . . . . .. 109
4.1.3 Translation of Impact Relationships . . . . . . ... ... ... ... 122
4.1.4 Determining the Importance of Impact Relationships to the System 134
4.1.5 How Modelers Decide What and How to Model . . . . . . ... .. 136
4.1.6 How SMEs Assign Impact Relationships . . . ... ... ... ... 138
4.1.7 When the SMEs are Wrong . . . . ... ... ... ......... 140
4.1.8 Calculating Same Level Correlations in the Impact Matrix . . . . . 142
4.2 Communicative Models . . . . . . . . . .. ... 150
4.2.1 Selection of a Method for Communicative Models . . . . . . .. .. 150
V  EXPERIMENTATION AND RESULTS . ... ... ... ......... 155
5.1 Investigation into the Measures of Stochastic Simulation . . . .. ... .. 156
5.1.1 Mine Counter Measures Test Problem . . . ... ... ... ... .. 156
5.1.2  Stochastic Measures Definition . . . . . . . ... .. ... ... ... 158
5.1.3 Experimentation and Results . . . .. ... ... .. ... ..... 159

5.2 Investigation into the Required Replications for Accurate Confidence Inter-
val Estimation . . . . . . . . .. 182
5.2.1 Required Replications for Accurate Sample Mean Confidence Intervals185

5.2.2 Required Replications for Accurate Sample Variance Confidence In-
tervals . . . . L 188

5.2.3 Required Replications for Accurate Binomial Proportion Confidence
Intervals . . . . . . . . 194
5.2.4 Required Replications for Accurate Quantile Confidence Intervals . 200
525 Conclusion . . . . . . . . . ... 205
5.3 Heuristics on Regressions of Stochastic Outputs . . . . . . ... ... ... 207
5.3.1 Experimental Set Up and Results of a Canonical Example . . . . . 210

vii



5.3.2 Conclusions . . . . . . . . . e 221

5.4 Investigation into the Required Replications for Creating Surrogate Models 222
5.4.1 Impact of Replications on a Surrogate Model of the Sample Mean . 223
5.4.2 Impact of Replications on a Surrogate Model of the Binomial Pro-

portion Estimation . . . . ... .. ... o oL 225
5.4.3 Impact of Replications on a Surrogate Model of the Quantile Esti-
mation . . . . ... 226
544 Conclusion . . . . . . . .. 227
VI METHODOLOGY PROOF OF CONCEPT . . . .. ... ......... 229

6.1 Summary of Model Development Methodology . . . . . . .. ... ... .. 230

6.2 Selection of a Test System . . . . . . . ... .. L L oL 234
6.2.1 Scenario Set One . . . . . .. .. . .o 235
6.2.2 Scenario Set Two . . . . . . . . . ... 237
6.2.3 Scenario Set Three . . . . .. .. .. ... ... ... ... ... 238
6.2.4 Scenario Selection . . . . . . ... 239

6.3 Problem Formulation . . . . . .. .. .. ... ... ... 0. 239
6.3.1 Humanitarian Aid/Disaster Relief Overview . . . .. ... ... .. 239
6.3.2 Selected Humanitarian Aid / Disaster Relief Scenario . . . . . . . . 241

6.4 System and Objectives Definition . . . . . . . ... ... ... ... .... 244
6.4.1 Objective Definition . . . . . .. .. .. ... ... .. ... 244
6.4.2 System Definition . . . . . . ... Lo oo 247

6.5 Conceptual Model Development . . . . . .. .. ... ... ... .. .... 264
6.5.1 Decomposition of Impacts . . . . ... ... .. ... ... ..... 265
6.5.2 Assigning Impact Values . . . . .. ... ... ... L. 282
6.5.3 Model Representation. . . . . . ... ... ... ... .. .. ..., 304

6.6 Experimental Model . . . .. .. .. ... oo 321

6.7 Comparison of Results to Impact Decomposition Weightings . . . . . . . . 323
6.7.1 Comparison of Results to Same Level Correlations . . . . ... .. 328

6.8 Iteration on Model Development . . . . . . . . . ... ... ... ...... 329

6.9 Conclusions on the Proof of Concept . . . . . ... ... ... ... ... 332

viil



VII CONCLUSIONS . . . . . e e e e 336

7.1 Summary of Methodology Development . . . . . . . ... ... ... .. .. 336
7.2  Summary of Methodology Proof of Concept . . . . . .. .. .. ... ... 340
7.3 Future Work . . . . . . ..o 340
APPENDIX A — . e 342
APPENDIX B — . . e 353
REFERENCES . . . . . . . . e 389

X



© 0 N S Ot ke W NN

N N N NNNNYNNN NN == e e e e e e
e R N & & L N S N =R~ e TR N B e &) S G U V=)

LIST OF TABLES

Sargent Validation Breakdown . . . . . . .. .. ... ... .00 13
Pairwise Comparison Scale . . . .. ... ... ... ... ... ....... 47
Pairwise Comparison of Criteria . . . . . . .. .. .. ... ... ... .. 48
Pairwise Comparison of Complete. . . . . . . .. ... .. ... ... .... 49
Pairwise Comparison of Iterative . . . . . . .. .. .. .. ... ... ... 49
Pairwise Comparison of Traceable . . . . ... ... ... ... ....... 50
Pairwise Comparison of Flexible . . . . . ... .. .. .. ... ... ..., 51
AHP Score . . . . . 51
DoDAF Viewpoints . . . . . . . . . .. 89
Operational Viewpoints . . . . . . . . . . . ... ... .. ... 90
DoDAF OV-2 Example . . . . . . ... ... ... 93
System Viewpoints . . . . . . . . . . . 95
Pairwise Comparison of Criterion . . . . . . .. .. ... ... ... ... .. 99
Pairwise Comparison of Simplicity . . . . . . ... .. ... ... ... ... 99
Pairwise Comparison of Flexibility . . . . . .. .. .. ... ... .. .... 100
Pairwise Comparison of Communicability . . . . ... ... ... ... ... 100
Pairwise Comparison of Transferability . . . . . . . .. .. .. .. ... ... 101
AHP Score RQ2 . . . . . . . . 101
Conceptual Model Impact Matrix Concept . . . . . . . . . . ... ... ... 109
Canonical Example Description . . . . . . . . . .. ... ... ... ..... 111
Canonical Example Metric Results for Objective . . . . . . ... ... ... 113
Canonical Example Metric Percentage Loss for Objective . . . . .. .. .. 113
Canonical Example Metric Results for Effect 1 . . . . . .. ... ... ... 113
Canonical Example Metric Percentage Loss for Effect 1 . . . . . . ... .. 113
Canonical Example Metric Results for Effect 1 . . . . . ... .. ... ... 114
Canonical Example Metric Percentage Loss for Effect 2 . . . . . ... ... 114
Canonical Example Pearson Correlations . . . . . . ... .. ... .. .... 115
Importance of the Correlation Measure Criterion . . . . ... ... ... .. 121
Levels of Non-Linear Functions . . . . . . . .. .. .. ... ... ...... 126



30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
o1
52
53
54
55
56
o7
58
99
60

Canonical Example for Importance of Relations . . . . . .. ... ... ... 136

Canonical Example for Incorrect Importance of Relations . . . . ... ... 141
Pairwise Comparison of Criteria . . . . . . .. .. .. .. ... ... .. 152
Pairwise Comparison of Descriptive . . . . . . . . . . ... ... ... .. .. 152
Pairwise Comparison of Translatable . . . . . . .. .. .. ... ... .... 152
Pairwise Comparison of Enable Analysis and Verification . . .. .. .. .. 153
Pairwise Comparison of Support Doc . . . . . . .. .. .. ... .. 153
Pairwise Comparison of Communicable . . . . . . .. ... ... ....... 154
AHP Score RQ4 . . . . . . . 154
Statistical Measures Mean and Variance . . . . . . . ... ... ... .... 162
Statistical Measures Binomial Proportions . . . . . . . . .. ... ... ... 164
Statistical Measures Quantiles . . . . . . . . . ... ... ... ... 167
DOE Variable Ranges . . . . . . . . .. . . 171
MCM Variable Sensitivity . . . . . . . .. ... Lo 173
Binomial Proportion Sample Sizes for 25 Repetition Case . . . . .. .. .. 215
Courses of Action . . . . . . . . . . . e 243
Effects Based Decomposition . . . . . . . ... .. o oL 246
Craft Specifications - Seabase . . . . . . ... ... ... ... ... ..... 260
Craft Specifications - Connectors . . . . . . . .. ... ... ... ..., 261
Decomposition of Impact Measures . . . . . . . ... ... ... ....... 265
Flow Rate: Level 1 and 2 Impacts . . . . . . . .. .. ... ... .. .... 283
Flow Rate: Level 3 Impacts (FLS) . . . ... ... ... ... ........ 285
Flow Rate: Level 3 Impacts (FLSS) . . ... ... ... ... ... .... 285
Flow Rate: Level 4 Impacts (FLS) . . . . ... ... ... .. ........ 287
Flow Rate: Level 4 Impacts (FLSS Connectors) . . . . . . . ... ... ... 288
Flow Rate: Level 4 Impacts (FLSS Operations) . . . . .. .. ... ... .. 288
Flow Rate: Level 5 Impacts (LCAC) . . . ... ... ... ... ... .... 289
Flow Rate: Level 5 Impacts (LCU) . . . . .. ... ... ... ... ..... 289
Flow Rate: Level 5 Impacts (SC Seabase Connection) . . .. ... ... .. 290
Flow Rate: Level 5 Impacts (MH-53E) . . . . ... ... ... ... ..... 291
Flow Rate: Level 5 Impacts (S-60B) . . . ... ... ... ... .. ..... 291

X1



61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91

Flow Rate: Level 5 Impacts (MV-22) . . . . ... ... .. ... ... .... 292
Flow Rate: Level 5 Impacts (AC Seabase Connections) . . . . . . ... ... 292
Flow Rate: Level 6 Impacts (Travel Times) . . . . ... ... ... ... .. 293
Flow Rate: Level 6 Impacts (Seabase Operations) . . . . . . . ... ... .. 293
Population Reached: Levels 1 and 2 Impacts . . . .. .. ... ... .... 294
Population Reached: Level 3 Impacts. . . . . . ... ... ... .. .. ... 295
Population Reached: Level 4 Impacts (FLS) . . . . .. .. ... ... .... 296
Population Reached: Level 4 Impacts (FLSS) . . .. ... ... ... .... 297
Population Reached: Level 5 Impacts (FLS) . . . . . ... ... ... .... 298
Population Reached: Level 5 Impacts (AC) . ... ... ... ... ..... 298
Population Reached: Level 5 Impacts (FLSS) . . .. ... .. ... ..... 299
Population Reached: Level 6 Impacts (LCAC) . . ... ... ... ..... 300
Population Reached: Level 6 Impacts (LCU) . . . ... ... ... ..... 300
Population Reached: Level 6 Impacts (SC Seabase Connection) . . . . . . . 300
Population Reached: Level 6 Impacts (MH-53E) . . . .. ... ... .... 301
Population Reached: Level 6 Impacts (S-60B) . . . ... ... .. ... ... 301
Population Reached: Level 6 Impacts (MV-22) . . ... ... ... ..... 302
Population Reached: Level 6 Impacts (AC Seabase Connections) . . . . . . 302
Population Reached: Level 7 Impacts (Travel Times) . . . . . ... .. ... 303
Population Reached: Level 6 Impacts (Seabase Operations) . . . . ... .. 303
Criminal Events: Level 1-3 Impacts . . . . . . . . . ... ... ... .... 304
Model Representation of Wait Time . . . . . . ... .. ... ... ..... 306
Model Representation of Wait Time Impacts . . . . . .. .. .. ... ... 307
Model Representation of Remaining Logistic Site Impacts . . . . . . .. .. 308
Model Representation of Civilian Variables . . . . ... ... ... ... .. 311
Model Representation of Security Variables . . . . . ... ... ... .. .. 312
Model Representation of SC Variables . . . .. .. ... ... ........ 314
Model Representation of AC Variables . . . . . ... ... ... ....... 317
Model Representation of Amphibious Ship Variables . . . .. ... ... .. 318
Model Representation of Civilian and Logistic Site . . . . . . .. .. .. .. 319
Identified Output Variables . . . . . ... ... ... ... .. ........ 322

xii



92
93
94
95
96
97
98
99
100
101
102
103

HA/DR Functional Hierarchy . . . . ... .. ... ... ... ... ..... 360

Flow Rate Level 1: Importance of Impact Values . . . . . . ... ... ... 362
Flow Rate Level 2: Importance of Impact Values . . . . . .. .. ... ... 362
Flow Rate Level 3: Importance of Impact Values . . . . . . ... ... ... 363
Flow Rate Level 4: Importance of Impact Values . . . . . .. .. ... ... 364
Population Reached Level 1: Importance of Impact Values . . . . . . .. .. 365
Population Reached Level 2: Importance of Impact Values . . . . . . .. .. 365
Population Reached Level 3: Importance of Impact Values . . . . . . .. .. 365
Population Reached Level 4: Importance of Impact Values . . . . . . .. .. 366
Flow Rate Level 5: Importance of Impact Values (a) . . . . ... ... ... 367
Flow Rate Level 5: Importance of Impact Values (b) . . . . ... ... ... 368

Flow Rate Level 6: Importance of Impact Values . . . . . .. .. ... ... 369

xiil



© 0 N S Ot ke W NN

N N N NNNNYNNN NN == e e e e e e
e R N & & L N S N =R~ e TR N B e &) S G U V=)

LIST OF FIGURES

Simple Modeling Process . . . . . . . . . . ... oo 8
Evolved Sargent Circle . . . . .. . . . . ... L o 9
Observable / Non-Observable Spectrum . . . . . ... ... ... ... ... 12
Economic Exclusion Zone Layout . . . . . .. ... .. . .00, 15
Three Conceptual Models . . . . . ... .. .. . . L . 16
Sorted Parameter Estimates of the Three Conceptual Models . . . . . . .. 17
Phases of the Model Life Cycle . . . . . .. .. .. ... ... ... ... 25
Sargent Circle . . . . . . . . . . L 28
Shannon’s Life Cycle . . . . . . . . .. ... 30
Evolved Sargent Circle . . . . . . . . . . . . 32
Steps in a Simulation Study by Banks . . . . .. .. ..o 35
Steps in a Simulation Study by Law . . . . . .. ... ... 0L 38
Balci’s 1986 Simulation Life-Cycle . . . . . .. .. ... ... ... .. 42
Balci’s 2011 Simulation Life Cycle . . . . . . ... ... ... ... 45
NHS Core Concept Rich Picture [45] . . . . . ... .. ... ... ... ... 57
NHS Detailed Right Picture [45] . . . ... ... ... ... .. ....... 58
Checkland’s Procedure for Building Activity Models [45] . . . . . . ... .. 60
Ross’ Viewpoints of Requirements Definition . . . . ... .. ... ... .. 65
Ross’ System Decomposition . . . . . . .. .. oo oo 67
Mylopoulos’ Example: Run Farm . . . . . ... ... ... ... ....... 67
Mylopoulos’ Example: Grow Vegetables . . . . . . . ... .. ... ..... 68
Mylopoulos’ Example: Data Flow . . . . . ... ... ... .. ... ..... 68
UML Diagrams . . . . . . . . . . o 71
Class Diagram Example . . . . . . . . ... ... ... .. ... ... .... 73
Package Diagram Example. . . . . . . . ... Lo 0oL 74
Component Diagram Example. . . . . . .. .. ... ... ... ....... 75
Activity Diagram Example . . . . . . . ... ... ... 76
Sequence Diagram Example . . . . . . . .. ... ... ... ... ... .. 77
Use Case Diagram Example . . . . . . . . ... ... . ... 78

Xiv



30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
o1
52
53
54
55
56
o7
58
99
60

State Machine Diagram Example . . . . . . ... .. ... ... 79

SysML Diagrams . . . . . . . ... . 82
Requirements Diagram Example . . . . ... ... ... ... ... 83
Block Definition Diagram Example . . . . . . ... ... ... ... ... 84
Internal Block Diagram Example . . . . . ... .. .. ... ... ... 85
Parametric Diagram Example . . . . . . .. ..o o000 86
DoDAF OV-1 Example . . . .. .. ... ... ... 91
DoDAF OV-2 Example . . . . . . .. . 92
DoDAF OV-5 Example . . . .. . ... ... ... 94
DoDAF SV-1/SV-2 Example . . . .. ... . ... ... ... ....... 96
DoDAF SV-4 Example . . . . . . . . ... 97
Example System Decomposition Graph . . . . . ... .. ... ... .... 107
Pareto Plot Example . . . . . . . ... oo 110
Canonical Example . . . . . . . . . ... 112
Scatter Plots of Various Functions . . . . .. ... ... ... ... ..., 119
Example System Decomposition Graph with Values . . ... ... ... .. 123
Canonical Example for Indirect Impact Testing . . . . . . . ... ... ... 125
Results for Level 1 . . . . . . . . . . 129
Results for Level 2 . . . . . . . . . 131
Results for Level 3 . . . . . . . . . . . 133
Morphological Matrix Example . . . . . . . ... ... ... oL, 137
Pugh Chart Example . . . . . .. . ... . 139
Canonical Example with Incorrect Values . . . . .. ... ... ... .... 141
Example System Decomposition Graph with Values . . ... ... ... .. 143
Canonical Example for Hypothesis 3.F Testing . . . ... ... ... .... 146
Canonical Example Results for Level 1 . . . . . . .. ... ... ... .... 148
Canonical Example Results for Level 2 . . . . . . . . .. .. ... .. .... 148
Canonical Example Results for Level 3 . . . . . . . . .. ... ... ... .. 149
Canonical Example Results for Level 4 . . . . . . . . ... ... ... .... 149
Canonical Example Results for Level 5 . . . . . . . . .. ... ... ... .. 149
Mine Counter Measures Canonical Example . . . . . . ... ... ... ... 158

p.q%



61
62
63

64

65

66

67

68

69

70

71

72
73
74
75

76

77
78

79
80
81
82

Mine Counter Measures: Time to Clear . . . . .. .. .. ... ... ....
Mine Counter Measures: Mines Remaining . . . . . ... ... . ... ...

Mine Counter Measures: Time Distribution Comparison to Mean with 95%
Confidence Intervals . . . . . . . . . . .. .

Mine Counter Measures: Time Distribution Comparison to Normal Distri-
bution with Same Mean and Variance . . . .. .. .. ... ... ......

Mine Counter Measures: Mines Remaining Distribution Comparison to Nor-
mal Distribution with Same Mean and Variance . . . . . . . ... ... ...

Mine Counter Measures: Time Cumulative Distribution Comparison to Bi-
nomial Proportion Estimates . . . . ... ... ... .. ... ........

Mine Counter Measures: Mines Remaining Cumulative Distribution Com-
parison to Binomial Proportion Estimates . . . . . . . ... ... ... ...

Mine Counter Measures: Time Probability Distribution Comparison to Quan-
tile Estimates . . . . . . . ...

Mine Counter Measures: Mines Remaining Probability Distribution Com-
parison to Quantile Estimates . . . . . .. ... ... ... ... ...

Mine Counter Measures: Time Probability Distribution Comparison to Quan-
tile Estimates (Lines) . . . . . . . . . ...

Mine Counter Measures: Mines Remaining Probability Distribution Com-
parison to Quantile Estimates (Lines) . . . . . ... ... ... .. .....

Mine Counter Measures: Prediction Profiler . . . . . . .. ... .. ... ..
Mine Counter Measures: Histogram of Time for 11 Levels . . . . . . .. ..
Mine Counter Measures: Histogram of Mines Remaining for 11 Levels

Mine Counter Measures: Sample Mean and Sample Variance of Time for 11
Levels . . . . . . e

Mine Counter Measures: Sample Mean and Sample Variance of Mines Re-
maining for 11 Levels . . . . . . . . . . . . Lo

Mine Counter Measures: Binomial Proportions of Time for 11 Levels . . . .

Mine Counter Measures: Binomial Proportions of Mines Remaining for 11
Levels . . . o o o o e

Mine Counter Measures: Quantiles of Time for 11 Levels. . . . . . . .. ..
Mine Counter Measures: Quantiles of Mines Remaining for 11 Levels . . . .
Coverage Error for Sample Mean Confidence Intervals . . . . .. ... ...

Coverage Error for Sample Variance Confidence Intervals . . . . . .. . ..

xXvi

162

163

163

165

165

167

168

169

169
172
174
175

176

177
178



83

84

85

86

87

88

89
90
91
92
93
94
95
96
97
98

99

100

101

102

103

104
105

Coverage Error for Sample Variance 95% Confidence Interval Using Boot-
strap Percentile Method . . . . . . . .. ... ... L o o 191
Coverage Error for Sample Variance 95% Confidence Interval Using Batches
for Normality . . . . . . . . . .. L 193
Coverage Error for Binomial Proportions at 95% Confidence Interval using
Wilson Intervals . . . . . . . . . .. . e 196
Coverage Error for Binomial Proportions at 85% Confidence Interval using
Wilson Intervals . . . . . . . . . .. e 197
Coverage Error for Binomial Proportions at 75% Confidence Interval using
Wilson Intervals . . . . . . . . . ... . 198
Coverage Error of Confidence Intervals of Binomial Proportions using Wilson
Intervals and n > 3/min(p, 1 —p) . . . . . . ..o 200
Coverage Error for Quantiles at 95% Confidence Interval . . . . . . . . . .. 202
Coverage Error for Quantiles at 85% Confidence Interval . . . . . .. .. .. 203
Coverage Error for Quantiles at 75% Confidence Interval . . . . . . . . . .. 204
Coverage Error of Confidence Intervals of Quantiles and n > 5/ min(p,1 — p) 205
True Mean of the Canonical Example . . . . .. ... ... ... ...... 211
True Variance of the Canonical Example . . . . . . ... ... ... ... .. 211
Variability Captured of the Sample Mean for Three Least Squares Methods 212
Variability Captured of the True Mean for Three Least Squares Methods . . 213
Variability Captured Comparison of the Sample and True Mean for OLScg 213
Variability Captured Comparison of the Sample and True Mean for OLS¢g
and WLS . . . . . e e 214
Variability Captured of the Binomial Proportion Estimates for Three Least
Squares Methods . . . . . . . . . . ... 216
Variability Captured of the True Binomial Proportion for Three Least Squares
Methods . . . . . . . . . 217
Variability Captured Comparison of the Sample and True Binomial Propor-
tion for OLScs . . . . . o o e 217
Variability Captured Comparison of the Sample and True Binomial Propor-
tion for OLScg and WLS . . . . . . . . . . . . . . ... 218
Variability Captured of the Quantile Estimates for Three Least Squares
Methods . . . . . . . . e 219
Variability Captured of the True Quantile for Three Least Squares Methods 220
Variability Captured Comparison of the Sample and True Quantile for OLS¢g220

Xvii



106

107
108
109
110

111

112
113

114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131

132
133

Variability Captured Comparison of the Sample and True Quantile for OLS¢cg
and WLS . . . . . e 221

Comparison of the R? to the CI Width to Sample Mean Range for OLScr . 224
Comparison of the R? to the CI Width to Sample Mean Range for WLS . . 224
Comparison of the R? to the Mean CI Width to Sample Mean Range for W L5224

Comparison of the R? to the CI Width to Binomial Proportion Estimate
Range for OLScr . . . .« . o o o o o o 225

Comparison of the R? to the Mean CI Width to Binomial Proportion Esti-
mate Range for WLS . . . . .. .. 226

Comparison of the R? to the CI Width to Quantile Estimate Range for OLS¢227

Comparison of the R? to the Mean CI Width to Quantile Estimate Range

for WLS . . . . o e 227
Example System Decomposition Graph . . . . ... ... .. ... ..... 233
Three Dimensions of Scenarios for Modeling and Simulation . . . . . . . .. 235
World Wide Disaster Map for 2012 . . . . . . . . ... ... .. .. ..... 240
West Africa HA/DR Operational View One . . . . . . ... ... ... ... 242
Requirements using Block Definition Diagram . . . . . . . .. .. ... ... 248
Functional Hierarchy using Block Definition Diagram . . . . . . . . . .. .. 250
System Definitions using Block Definition Diagram . . . . . . . .. .. ... 251
System Decomposition using Block Definition Diagram . . . . . . . . . . .. 252
System Interactions using Internal Block Diagram for COA 2 . . .. .. .. 254
System Flows using Internal Block Diagram for COA 2 . . . .. ... ... 255
Air Connector States using State Machine Diagram for COA 2 . . . . . .. 256
Surface Connector States using State Machine Diagram for COA 2 . . . . . 257
Command and Control Activities using an Activity Diagram . . . . . . .. 258
Civilian Activities using an Activity Diagram . . . . . ... ... ... ... 259
System Interactions using Internal Block Diagram for COA 4 . . . . .. .. 262
System Flows using Internal Block Diagram for COA 4 . . . .. ... ... 263
Air Connector States using State Machine Diagram for COA 4 . . . . . .. 264

Decomposition of Impacts on Flow Rate of Aid to Civilians (MH-53E Con-
NECEOTS) . . . . o i 269

Decomposition of Impacts on Flow Rate of Aid to Civilians (S-60B Connectors)270

Decomposition of Impacts on Flow Rate of Aid to Civilians (MV-22 Connectors)271

xviil



134

135
136
137
138
139
140
141
142
143

144

145

146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

Decomposition of Impacts on Flow Rate of Aid to Civilians (Surface Con-

NECEOTS) . . . v 272
Decomposition of Impacts on Population Reached (MH-53E Connectors) . . 275
Decomposition of Impacts on Population Reached (S-60B Connectors) . . . 276
Decomposition of Impacts on Population Reached (MV-22 Connectors) . . 277
Decomposition of Impacts on Population Reached (LCAC Connectors) . . . 278
Decomposition of Impacts on Population Reached (LCU Connectors) . . . . 279
Decomposition of Impacts on Criminal Events . . . . . . . .. ... ... .. 281
Full Decomposition of Impacts . . . . . .. .. .. . L oL 282
Comparison of FLS Impact Decomposition to Observed Values . . . . . .. 325
Comparison of LCAC Lift Parameters Impact Decomposition to Observed

Values . . . . . . L e 326
Comparison of LCAC FLS & Seabase Connector Impact Decomposition to

Observed Values . . . . . . . . . . . . 327
Comparison of FLS Impact Decomposition to Observed Values for Model

Tteration . . . . . . . Lo 331
Canonical Example for Indirect Impact Testing . . . . . . . ... ... ... 342
Requirements using Block Definition Diagram . . . . . .. ... ... .. .. 353
Supply Requirements using Block Definition Diagram . . . . ... .. ... 354
Special Mission Requirements using Block Definition Diagram . . . . . . . . 355
Logistical Requirements using Block Definition Diagram . . . . . .. .. .. 356
Security Requirements using Block Definition Diagram . . . . . . .. . . .. 357
Infrastructure Requirements using Block Definition Diagram . . . . . . . . . 358
Functional Hierarchy using Block Definition Diagram . . . . . . . . . .. .. 359
Class Diagram for HA/DR Model . . . . . . ... .. ... ... .. ..... 372
Air Connector State Machine Diagram for HA/DR Model . . . . . . . . .. 373
Surface Connector State Machine Diagram for HA/DR Model . . . . . . . . 374
Amphibious Ship State Machine Diagram for HA/DR Model . . . . .. .. 374
Civilian State Machine Diagram for HA/DR Model . . . . . . . .. ... .. 375
Command and Control Activity Diagram . . . . . .. ... ... ... ... 376
Surface Connector Activity Diagram . . . . . . .. ... ... ... ..... 377
Air Connector Activity Diagram . . . . . . . ... ... ... ... 377

Xix



162
163
164

165

166
167

168
169

170

171

172

Screen-shot of the HA/DR Model . . . . . . ... .. ... ... ....... 378
Comparison of FLS Impact Decomposition to Observed Values . . . . . .. 379

Comparison of LCAC Lift Parameters Impact Decomposition to Observed
Values . . . . . . . e 380

Comparison of LCAC FLS & Seabase Connector Impact Decomposition to
Observed Values . . . . . . . . . . . 381

Comparison of LCU Lift Parameters Impact Decomposition to Observed Values382

Comparison of LCU FLS & Seabase Connector Impact Decomposition to
Observed Values . . . . . . . . . . . . . . . 383

Comparison of FLSS Impact Decomposition to Observed Values . . . . .. 384

Comparison of MH-53E Lift Parameters Impact Decomposition to Observed
Values . . . . . . e e 385

Comparison of MH-53E FLSS & Seabase Connector Impact Decomposition
to Observed Values . . . . . . . . . . ... .. .. ... . 386

Comparison of MV-22 Lift Parameters Impact Decomposition to Observed
Values . . . . . . e 387

Comparison of MV-22 FLSS & Seabase Connector Impact Decomposition to
Observed Values . . . . . . . . . . . . . . . . 388



SUMMARY

The use and application of modeling and simulation (M&S) is pervasive in today’s
world. A key component in the application of models is to conduct appropriate verification
and validation (V&V). V&V is conducted to make sure the model represents reality to the
appropriate level of detail based on the questions posed. V&V techniques are well docu-
mented within the literature for observable systems, i.e. required data can be collected from
the operations of the real system for comparison with the simulation results; however, V&V
techniques for non-observable systems are limited to subjective validation. This subjective
validation can be applied to the simulation outputs, operational validation, or towards the
model development, conceptual validation. Oftentimes subjective operational validation of
the simulation is the primary source of validation efforts. It is shown in this thesis that the
sole reliance on subjective operational validation of the simulation can easily lead to the
inaccurate acceptance of a model.

In order to improve M&S practices for the representation of non-observable systems,
models must be developed in a methodological manner that provides a traceable and de-
fensible argument behind the models representation of reality. Though there is growing
discussion within the recent literature, few methods exist on proper conceptual model de-
velopment and validation. The research objective of this thesis is to identify a methodology
to develop a model in a traceable and defensible manner for a system or system of systems
that is non-observable. To address this research objective the proposal will address eight
aspects of model development.

The first is to define a set of terms that are common vernacular in the field of M&S. This
is followed by the assessment of what defines a good model and how to determine if the model
is good or not. This leads to a review of V&V and the observation that subjective validation
in isolation is not sufficient for model validation. Next, a review of model development

procedures is conducted and analyzed against a set of criteria. A selection is made using

xx1



the Analytic Hierarchy Process (AHP). A procedure developed by Balci in 1986 is selected
for the use in development of models for non-observable systems. Specific steps within
Balci’s 1986 procedure are investigated further to determine appropriate techniques that
should be used when developing models of non-observable systems. These steps are system
and objective definition, conceptual model, communicative model, and experimental models
and results

Five techniques are identified in the literature that can be applied to system and ob-
jective definition: Soft Systems Methodology, Requirements Engineering, Unified Modeling
Language, Systems Modeling Language, and Department of Defense Architecture Frame-
work. These techniques are reviewed and selection is made using AHP. The System Mod-
eling Language (SysML) is selected as the best technique to perform System an Objective
Definition.

Significant resources are devoted to the study of conceptual model development. Pro-
posed in this thesis is a process to decompose the impacts of the system and apply subjective
weightings in order to identify aspects of the system with significant importance. This ap-
proach enables the modeling of the system in question to the appropriate level of fidelity
based on the identified importance of the system impacts. Additionally, this process pro-
vides traceability and defensibility of the final model form.

Communicative model development is rarely addressed in the literature; however, many
of the techniques used in system and objective definition can be applied to developing a
communicative model. A similar study to the system and objective definition, AHP was
utilized to make a selection. It was concluded that the Unified Modeling Language provides
the best tool for creating a communicative model.

In the final step, experimental models and results, the literature was found to be rich
in techniques. A gap was found in the analysis of the outputs of stochastic simulations.
Four questions resulted: 'which stochastic measures should be used in analyzing a stochastic
simulation?’, "how many replications are required for an accurate estimation of the stochastic
measure?’, which least squares method should be used in the regression of a stochastic

response?, and "how many replications are required for an accurate regression of a stochastic

xxii



measure? Heuristics are presented for each of these questions.

A proof of concept is provided on the methodology developed within this thesis. The
selected scenario is a Humanitarian Aid / Disaster Relief Mission, where the U.S. Navy has
been tasked with distributing aid in an effective manner to the affected population. Upon
application of the proposed methodology, it was observed that subjective decomposition
and weighting of the scenario proved to be a useful tool for guiding and justifying the form
of the eventual model. Shortcomings of the methodology were identified. The primary
shortcomings identified were the linking of information between the steps of the model
development procedure, and the difficulty in correctly identifying the structure of the system
impacts decomposition.

The primary contribution of this thesis is to the field of M&S. Contributions are made
to the practice of conceptual model development, a growing discussion within the literature
over the past several years. The contribution to conceptual model development will aid in
the development models for non-observable systems. Additional contributions are made to
the analysis of stochastic simulations. The methodology presented in this thesis will provide
a new and robust method to develop and validate models in a traceable and defensible

manner.
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CHAPTER I

INTRODUCTION TO MODELING AND SIMULATION

Laplace’s Demon: We may regard the present state of the universe as the effect
of its past and the cause of its future. An intellect which at a certain moment
would know all forces that set nature in motion, and all positions of all items
of which nature is composed, if this intellect were also vast enough to submit
these data to analysis, it would embrace in a single formula the movements of
the greatest bodies of the universe and those of the tiniest atom; for such an
intellect nothing would be uncertain and the future just like the past would be

present before its eyes. (Pierre Simon Laplace) [95]

Laplace’s Demon is a perfect articulation of the philosophy of scientific determinism.
Assuming classical mechanics, having perfect and infinite knowledge of the universe one
would be able to predict the totality of past and present. Though flawed, Laplace’s De-
mon does reflect humanity’s nature to understand and predict the world. Humans often
attempt the prediction of reality through the use of abstracted understandings of the real
world. These abstractions are called models. To many, the term ‘model’ often elicits the
thought of the use and application of Modeling and Simulation (M&S) which is pervasive
in today’s world. The use of M&S is commonly found in science and engineering, two fields
of study that focus on understanding and predicting the world. Examples of models used
in the sciences are climate models such as the Community Earth System Model developed
by the National Center for Atmospheric Research [71], weather models such as the Weather
Research & Forecasting Model developed by a variety of United States Government In-
stitutes [88], biological models such as the Epidemic Simulation System developed by Los
Alamos [31], social dynamic models such as Sakoda’s famous Checker-board Model of So-
cial Interaction [167], and physics models such as Newton’s law of universal gravitation

[125]. Models developed for use in engineering include sizing models such as the Flight



Optimization System (FLOPS) developed by NASA [107], structural models such as the
Finite Element Method [185], fluid models such as Computational Fluid Dynamics [9], and
supply chain models such as Markov Chains [162]. Models can take many different forms in
addition to those listed above. Some of these forms are business models, conceptual models,
and physical models.

Models and simulations come in many forms and are used for a variety of purposes. A
better understanding of what defines models and simulations is needed. This is addressed
in the following section. Additionally, it must be better understood as to why models and
simulations are used. The use of models and simulations is addressed in Section 1.2. Given
that models and simulations are tools and are used for specific reasons, it needs to be deter-
mined what defines good models and simulations. It will be revealed that this is determined
though verification and validation, which is covered in Section 1.3. Finally, shortcomings
within the current literature with respect to the previous questions are identified. These

shortcomings lead to the research objective of this thesis, which is covered in Section 1.4.
1.1 The Definition of Models and Simulations

Given this wide variety of models and their applications, it is important to address the
definition and purpose of a model. There are countless definitions of a model offered in
the literature; however, there are a number definitions found that describe models in the
broadest and most appropriate form. Four insightful definitions from the literature are

listed as follows.

‘A model is a representation and an abstraction of anything such as a system,

concept, problem, or phenomena.’ (Balci, 1994) [20]

‘... amodel is conceived as any physical, mathematical, or logical representation

of a system, entity, phenomenon, or process.” (Zeigler, 2000) [217]

‘An abstract representation of reality in any form (including mathematical, phys-
ical, symbolic, graphical, or descriptive form) to present a certain aspect of that

reality for answering the questions studied.” (Ebert, 2005) [62]



‘M is a model of A with respect to question set Q if and only if M may be used

to answer questions about A in Q within tolerance T.” (Ross, 1977)[161, 3]

The first definition of a model is from Balci. In his statement, a model is intended to
represent either a concept, problem, or phenomenon. Within the literature, the subject that
is to be modeled is often referred to as the system or the entity. In this thesis both terms
will be used. The selection of the term used is based on the usage from work that is being
described. A system is defined as a set of interacting components [2]. Balci’s definition
covers all of the entities that were modeled in the examples above; however, his definition
does leave out the form of these representations.

The second quote, by Zeigler, then refines the definition of a model by including the
‘form’ of the model in addition to its intent to represent some subject. Zeigler defines the
form that a model can take as physical, e.g. a statue of a person is a model of the person;
mathematical, e.g. Newton’s Law of Gravitation is a model of gravity; and logical, e.g. a
mental understanding of a business process.

Ebert then expands the definition of a model further by presenting its ‘purpose’. The
purpose of a model is to answer a set of questions. Combining the definition offered by Ebert,
who states the purpose of models, with Balci’s definition which identifies the entities to be
modeled, one can the expand the purpose of a model to either aid in answering questions or
communicating ideas. Zeigler addresses in his work three problems that models can be used
to aid in solving: analysis, inference, and design [217]. Analysis is the attempt to understand
the entity to be modeled. Given knowledge about the internal structure and behavior of the
entity, one is attempting to understand its macro behavior with respect to the environment
in which it exists. Inference operates in the opposite direction. Given knowledge about the
entity’s macro behavior within the environment, one is trying to understand the internal
structure and behavior of the entity. Design is attempting to find or construct an entity
that will exhibit a desired macro behavior within the greater system.

The final definition, offered by Ross, is the most technical, general, and far reaching. His
definition does leave out that the purpose of a model could be to communicate an idea, as do

many others. The one unique aspect of his definition is that it offers a statement of quality.



He states that the questions must be answered within a given tolerance; however, there are
many models that have been developed and used that can be considered inadequate. For
this reason, this author believes that the quality assessment of a model should not be part
of the definition of a model, for there exist good and bad models. Considering the above

discussion, a formal definition of a model is presented:

Definition: A model is an abstraction of reality or one’s concept that is used

as an aid in answering a set of questions or to aid in communication.

Like the term model, ‘simulation’ has a number of definitions offered in the literature;
however, the definitions offered for simulation fail to converge on a universal concept. There
are three philosophies regarding the term simulation. The first philosophy is to use the word
simulation interchangeably with the word model. Additionally, the term simulation has been
used as a substitute for the paradigms of computer modeling: discrete event simulation,
Monte Carlo simulation, and system dynamics, where discrete event simulation dominates
[120, 87, 153, 66, 100, 82, 72]. The second definition given to simulation is the entire process
of modeling a system, i.e. building the model, conducting experiments, and analyzing said
system [20, 179, 76]. Finally, the United States Department of Defense (DoD) uses the
term simulation to refer to an execution or computation of a model [199, 56, 21]. This is
the denotation that will be used here. Applying this terminology to Newton’s Gravitation
Model, the model would be the equation and a simulation would the be calculation of the
trajectory of two or more objects interacting through the gravitational force. Applying this
terminology to computational fluid dynamics, the Navier-Stokes equations used will be a
model of the behavior of the fluid. Additionally, the computer program that is used to
perform analysis on a fluid would also be referred to as a model. The execution of the

computer program would be referred to as the simulation.

Definition: A simulation is the execution of a model.



1.2 The Successful Use and Application of Models and Simulations

Given the definition of a model and a simulation, a question emerges. Why is M&S used?
The definition of a model presented by Ebert, presented in the previous section, suggests
that a model is used in the process of answering questions. Based on a review of the
literature, the most general response to the question posed is that M&S is used to better
understand reality or act as a medium of communication [153, 62, 161, 3, 20, 145, 14]. The

use of M&S has numerous advantages including but not limited to the following:

e Experimental test bed: M&S offers an ability to experiment with systems that cannot

be tested or are very difficult to test. [153, 179, 14, 43, 202]

e What-if questions: Allows an analyst to perform what-if analysis on the fly, enabling

a better understanding of the system in question. [153, 179, 145]

e Test yet to be created systems: Simulation is the only method available to test and

experiment with a system that currently does not exist. [153, 179, 43]

e Cost effective: Conducting a simulation from a model can be much cheaper than

performing experiments with the real system. [153]

e Control of conditions: Unlike many real systems, everything within a simulation can

be monitored and controlled. [153, 179, 66]

e Time Scaling: Offers the ability to simulate a process that may take years in the real

world but may only take a number of minutes in simulation. [179, 43, 66]

e Repeatable: Offers the ability to repeat exact conditions to determine cause and
effect. In the real world one cannot control every aspect; therefore, experiments are

not perfectly repeatable. [66]

M&S has many applications and benefits, which is why it is so ubiquitous in today’s
world; however, not all models are created equal. Undoubtedly, there are good models and
there are bad models; therefore, what makes a good model? Revisiting the definition of

a model, Ross [161] provides a definition of a model which includes a statement on the



quality of its representation of the entity which it is emulating. He states that the model
must resemble the represented system in question within a tolerance. Kleijnen states that
a model should be ‘good enough’ based on the goals of the model [87], and Balci offers the

following statement on the success of a model:

An M&S project is considered successful if it produces sufficiently credible M&S
results that are accepted and used by the decision makers or sponsor. (Balci

2011) [22]

Each of these views addresses the need for the model to represent the system in question
with a high enough fidelity to answer the questions posed to the system. Sanchez expands
on this concept with a quip borrowed from Einstein, ‘as simple as possible, but no simpler.’
[168] Sanchez confirms that a model must adequately represent the system in question, but
models with additional complexity beyond the needs of the study are not good models. An
overly complicated model is often a more resource intensive model requiring longer simu-
lation times and potentially greater computational resources. A model can represent the
system to such a high degree that it is no longer useful. With this information, a good
model can now be defined as one that represents the system that is to be emulated to
the appropriate level of fidelity based on the questions presented for the study. Determin-
ing whether a model represents reality to the appropriate level of fidelity is accomplished

through a process called Verification and Validation (V&V).

1.3 Verification and Validation of Models and Simulations

Remember that all models are wrong; the practical question is how wrong do

they have to be to not be useful. (George E.P. Box) [38]

Before using a model to aid in answering a set of questions, one must be sure that the
model has the appropriate level of fidelity based on the questions asked of the system. This
is achieved through V&V. A common and incorrect interpretation of the task of V&V is
to prove that the model is correct [47]. Instead, the goal of V&V is to attempt to prove

the model is incorrect or not capable for answering the questions asked [152, 106]. This



stems from the concept that there does not exist a model that perfectly represents reality;
therefore, absolute model validity is impossible [171, 139, 168, 49, 170]. Essentially, model
verification and validation is a process of increasing the user’s confidence in the model [152].

The definitions for verification and validation are as follows.

Definition Verification is the process of determining if model transformations
from one form to another were accomplished as intended. Verification is focused

on making sure the model was built right.

Definition Validation is the process of determining if the model sufficiently
represents the system for study based on the questions asked. Validation is

focused in making sure the right model was built.

A basic overview of how V&V is used throughout a model’s life is shown by the Sargent
Circle shown in Figure 1 [171, 170]. The circle starts with the entity. The entity, referred to
in this thesis as the system, is the object or process that is to be modeled. The conceptual
model is the manner in which the entity is intended to be represented within a computer-
ized framework. Generally, the conceptual model is the way in which the entity should be
modeled in the mind of the modeler [154, 25, 158, 133]. A better definition of a conceptual
model will be presented in Chapter 4. Assessing the conceptual model’s ability to accurately
represent the entity with respect to the research questions and to the fidelity requirements
imposed by the research questions is referred to as ‘conceptual model validation’. This is
the first appearance of validation. The computerized model is the implementation of the
conceptual model in a computer for execution. This is accomplished through the process of
programming. Ensuring that the conceptual model was translated into the computerized
model correctly is referred to as ‘computerized model verification’. This is also the common
interpretation of verification. Once the computerized model is developed, experiments are
performed on the model that will address the questions of the study. Ensuring that the
computerized model adequately resembles the entity under study is referred to as ‘opera-
tional validation’. This is the common interpretation of validation for M&S. An important

takeaway from Sargent’s Circle is that V&V activities occur throughout the life of an M&S



program. Another takeaway is that validation occurs between the modeling processes and

the system, and verification occurs between the modeling processes.
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Figure 1: Simple Modeling Process

Given a basic understanding on how model development and V&V activities occur
throughout the life of an M&S program, a more detailed description of the interaction
between the system knowledge and the model is presented. This detailed description of
how V&V is used throughout a models life is shown by the Evolved Sargent Circle shown
in Figure 2 [169, 172, 170]. The Evolved Sargent Circle is composed of two main sections:
the real world and the simulation world. The interaction of the simulation with the real
world is the primary consideration in this section. The simulation world will be reviewed
in greater detail in Chapter 2.

The entity, or system, that is being modeled and simulated is shown in the upper right
box of the real world. The goal of any M&S effort is to gain understanding, or knowledge,
about the identified entity. This is represented within the Evolved Sargent Circle as the
Entity Theories box between the two worlds. The entity theories include characteristics,
causal relationships, and the behavior of the entity or system under study [169, 172, 170].
These are listed as theories because the theories could be proven to be false. There are
two approaches to developing entity theories. The first is to gather data directly from the

entity through experimentation. This data allows the creation of hypotheses about the
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Figure 2: Evolved Sargent Circle

entity which can be falsified through theory validation with more entity data. Another
method for developing entity theories is through abstraction. Abstraction is the process of
creating entity theories through observations of the entity. This is commonly performed by
Subject Matter Experts (SMEs) who have extensive experience interacting with the entity.
Given the entity data and theories, the model can be validated in three different ways. The
first is through conceptual model validation, first presented within the Sargent Circle. The
other two are forms of operational validation. Traditionally, operational validation involves
the comparison between the simulation output data and entity data; however, operational

validation can also be performed between the simulation output data and the entity theories.



The latter case involves observing the simulation data and determining whether the data
performs as expected.

Given an understanding on how V&V and M&S development contribute to each other,
the specific process of V&V must be investigated. Unfortunately, there is no widely accepted
methodology in V&V of models [65, 30, 87, 41, 16, 17, 46, 137, 49, 172, 170]; however, there
are numerous techniques. Balci presents 77 V&V techniques in his 1998 paper [17]. These
techniques are applied throughout the model’s life-cycle. Numerous techniques for verifi-
cation are available within the literature. These include but are not limited to animation,
traces, structured walkthroughs, white box testing, and black box testing. A significant
amount of research is devoted to the study of verification; however, for the subject of this
thesis, verification is not a primary concern. Instead, focus is placed on validation. This
is due to the unique challenges to validation presented by non-observable systems. Non-
observable systems and the challenges they present will be expanded upon shortly.

In addition to the application of validation in three forms, shown in the Evolved Sargent
Circle, validation can be looked at as occurring in three stages: data validation, model de-
velopment validation, and model operational validation. ‘Data validation’ is the process of
determining that the data used, either as numerical inputs or qualitative observations, are
accurate representations of the real system to be studied. This was not shown in the Sargent
Circles shown above; however, it is an important part of validation. ‘Model development
validation’ is concerned with ensuring that the logic and assumptions made for developing
the model are sufficient to addressing the questions of the system. Conceptual model vali-
dation would be included within model development validation. Finally, ‘model operational
validation’ is concerned with comparing the results of the simulation to observations of the
real system or the theories of the real system.

In each stage of validation there exist many techniques that can be utilized [16]. These
techniques can be broadly categorized into ‘objective validation techniques’ and ‘subjective
validation techniques’ [171]. An objective technique would use a mathematical or statistical
test. A subjective technique is one in which a determination of validity is made through

the opinion of a SME, the model developer, the end user, or a third party.
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The stages of validation and the two categories of validation techniques can be applied
to observable or non-observable systems. A completely observable system is one that allows
the ability to gather the required information on the system in a timely, feasible, and
viable way. That is a completely observable system is one that enables the gathering of
all relevant information that is needed for analysis. The only tasks required to answer the
questions about the entity or system are to gather the information and analyze it. Applying
this concept to the Evolved Sargent Circle, a completely observable system would provide
sufficient entity data to form the entity theories. A M&S effort would not be required.

On the other end of the spectrum is a completely non-observable system. A completely
non-observable system is one in which the gathering of the required information is either
not timely, feasible, or viable to the extent that no analysis can be performed to discover
more knowledge of the entity. An example of this would be that a question on a system
is posed but not enough information is known to develop a model that can illuminate the
gaps in knowledge. Applying this concept to the Evolved Sargent Circle, a completely
non-observable system would not provide sufficient information to form the entity theories.
Without the entity theories an M&S effort cannot be attempted.

In reality most modeling efforts are based on a partially observable system that fall
between the two extremes. Figure 3 shows this spectrum between observable and non-
observable systems. On the far left is the completely observable system which has been
addressed. In the middle is a partially observable system. A partially observable system
can provide enough information to enable the development of a model which will answer the
specific questions. An example of this is estimating the drag of an object in a fluid. Enough
is known about the system from previous research and observations to create a CFD model.
This model can then be executed to receive more information that will answer the specific
question. Another example of a system of systems is a ballistic missile defense model. In
this model all the physical attributes are known; however, the interaction between the parts
is not known. A model is then built to fill these gaps in knowledge. On the far end is the
completely non-observable system, which has been defined. An example of this would be

a Human Behavior Representation (HBR) model. Suppose an anti-piracy operation must

11



be analyzed; however, there is too great of an uncertainty about how the pirates behave to
build a model to study the system. Under this circumstance a non-traditional approach is
required.

Commonly, systems that fall on the observable side of partially observable are referred
to as observable, and systems that fall on the non-observable side of partially observable are
referred to as non-observable systems. This is the notation that will be used for the remain-
der of this paper. More specifically, an observable system is one that provides entity data for
which operational validation can performed. This validation approach would be an objective
approach. A non-observable system is one that lacks entity data, and therefore operational
validation must be performed between the simulation data and the entity theories. This
validation approach would be a subjective approach. Finally, it should be noted that every
system will contain elements that exist on different parts of the observable/non-observable
spectrum. For example, in the anti-piracy example the pirate behavior is completely non-

observable; however, the specifications of the patrol vehicles is completely observable.

Completely Observable Partially Observable Completely Non-Observable
«Capable of obtaining enough «Capable of obtaining some *Not enough information is
information on the system to information on the system known to build a model to fill
perform analysis A model can be built from the gaps
information to obtain required | <A new approach will be
information for analysis required to develop

knowledge; otherwise, the
task is unattainable

Completely
Observable
3]1qeAIasqO-UON
Aja19jdwo)d

Figure 3: Observable / Non-Observable Spectrum

The validation approaches for observable and non-observable systems were presented by
Sargent [171] as a table, reproduced in Table 1. Objective validation of observable entities
is the ultimate form of validation and should always be performed if possible. Validation

techniques that fall under this category include F-Tests [47], Smith-Satterthwaite Test[47],
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Non-parametric Rank Sum Test[47], Mann-Whitney test [178], and Theil’s inequality [178].
These tests can be classified as tests of the means, variance, and correlations between the
model and the entity. Objective approaches can also be used for validating models of non-
observable entities. The difference between the two is that with non-observable entities
the simulation results are compared to that of an accredited simulation as opposed to the
real entity. Though this does make one wonder why the effort would be made to develop
a model and validate it to another model, if that other model already existed and access
to its simulation results is available. As discussed earlier, models of systems are developed
to address specific questions; therefore, a new model would not be expected to behave as
the other accredited model unless they address the same problem, which makes the model
development pointless. Objective validation of models of non-observable systems is not

expected to be common.

Table 1: Sargent Validation Breakdown

Observable System Non-Observable System
Objective Comparison using statistical | Comparison to other models
Approach tests and procedures using statistical tests and pro-
cedures
Subjective Comparison using graphical | Explore model behavior
Approach displays Comparison to other models
Explore model behavior

Subjective validation of observable entities is exceedingly common and often one of the
first steps in validating a model. Validation techniques that fall under this category include
graphical comparisons. Graphical comparison is the displaying of the information to check
to see if the statistical metrics, e.g., mean, variance, are within reasonable bounds. A more
rigorous example of graphical comparison is the Turing-Schruben test [176].

Subjective validation of models developed for both observable and non-observable enti-
ties can be accomplished through exploring the model behavior. This can be accomplished
though animation, degenerate tests, face validity, sensitivity analysis, and regression analy-

sis [171, 172, 87]. In each of these techniques, an expert determines if the observed behaviors
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resemble that of the real world.

Finally, models of non-observable systems can be validated subjectively through the
comparison to other accredited models. The techniques used here include comparison using
graphical displays and exploring model behavior. The main difference is that the comparison
is made between the model to be validated and the model that has been accredited.

For non-observable systems, only conceptual model validation and subjective operational
validation between the simulation data and the entity theories is available. Unfortunately,
conceptual modeling is given little attention within the M&S community [153, 154, 156, 39].
Without proper conceptual model development, the validation efforts of models for non-
observable systems are solely based on subjective operational validation. An example of

subjective operational validation of an non-observable system is given in the next section.
1.3.1 Subjective Validation Example and Observations

This section reviews the validation efforts of three different conceptual models from a previ-
ous research project [196] conducted for the Office of Naval Research. The project required
the development of an agent based model of a naval patrol scenario. The model was used
to help size an Offshore Patrol Vehicle (OPV). A visual description of the conceptual model
is shown in Figure 4. In this scenario there are two legal fishing zones that have the dimen-
sions 15x6 nmi. This is shown as a white box in Figure 4. Below the two legal fishing zones
are the illegal fishing zones that have the dimensions 15x5 nmi. Within the fishing area
there are fishing vessels. These fishing vessels primarily remain in the legal zone but will
cross with some kind of modeled behavior to be discussed shortly. An OPV, called Foxtrot,
is tasked with patrolling these waters to enforce adherence to the legal fishing zones and to
protect the vessels from being commandeered by interceptor vessels protecting their claim
to the illegal fishing zone. The interceptor vessels are on the north and south end of the
model. The north interceptor is called Yankee, and the south interceptor is called Zulu.
Both interceptors are from country Charlie.

When developing the model there was some concern on the proper representation of

the fishing vessel movement behavior. The behavior of the OPV and the interceptors was
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Figure 4: Economic Exclusion Zone Layout

easier to estimate because they followed very simple procedures. The fishing vessel behavior
was not well defined nor were there SMEs available who had extensive knowledge of their
behavior. There existed no data on their crossing rates nor their movement behavior. Three
concepts were suggested: a random bounce, exponential time, and following fish schools [10].
A visual representation of these three conceptual models is shown in Figure 5. The random
bounce representation described the vessels’ behavior by traveling in an initial random
direction. Once the vessel came into contact with a border, the vessel would turn to some
new random direction and continue. If the border was that of the illegal zone, there was a
probability the vessel would cross. When the vessel traveled in the illegal zone and came
into contact with the border to the legal zone it would cross every time. The exponential
time representation described the vessels’ behavior similar to that of the random bounce.
The difference between the two representations is that the vessels would only cross once an

internal variable of time had expired. Once the time had expired the vessel would turn and
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cross into the other fishing zone. Finally, the following fish schools concept defined another
set of agents to represent schooling fish. These schooling fish would follow a random walk.
The fishing vessels would track these schools and cross into the illegal zone depending on

their perceived risks and rewards.

Random Bounce Exponential Time Fish Following

Figure 5: Three Conceptual Models

Each concept was developed into a computational model and simulated. These simu-
lations were subjected to the following validation techniques: animation, degenerate tests,
face validity, and sensitivity analysis. Under this analysis no issues were found for any of the
concepts. During analysis the three concepts showed very different results. Shown in Figure
6 are the sorted parameter estimates for the three conceptual models. Sorted parameter
estimates are useful for screening and determining variables of importance [174]. The pa-
rameters are sorted in decreasing order of significance. The top set of parameters is that of
the random bounce conceptual model. The middle set of parameters is the exponential time
conceptual model. The bottom set of parameters is the fish following conceptual model.
The parameters have been highlighted based on vehicle type. The yellow highlights repre-
sent variables that belong to the Yankee or Zulu interceptor. The red highlights represent
variables that belong to the OPV. The green highlights represent variables that belong to
the fishing vessels.

The first observation is that for all three conceptual models the uncontrollable variables
that belonged to the interceptors and fishing vessels determined the majority of the behavior.

It is observed that for the first concept, random bounce, the cruise speed and radar range
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were the most important OPV parameter. The second concept, exponential time, showed
that the radar range was the most important OPV parameter. The third concept, following
fish schools, showed that none of the OPV parameters had an impact on the outcome of
the simulation.

This study resulted in three potential conceptual models that could all pass subjective
validation and resulted in widely different results. For non-observable systems, only sub-
jective operational validation and conceptual model validation is available to validate the
model. It was shown here that subjective validation can be misleading. These results lead

to the following observation.

Observation: Subjective validation methods in isolation are insufficient for

models of non-observable systems.

-\

Random Bounce

I\

Exponential Time

Fish Following

Figure 6: Sorted Parameter Estimates of the Three Conceptual Models
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1.4 Summary and Motivation

Models are ubiquitous in the modern world. The application of these models range from
simple models of gravity to models of the weather to models of epidemics. A quality model
was defined as representing the system that is to be emulated to the appropriate level of
fidelity based on the questions presented for the study. This quality is determined though
the process of V&V.

Models that have been developed for observable systems prove to be an ideal case for
model validation. These systems allow the model to be objectively and subjectively val-
idated. Unfortunately, this is rarely the case. Many organizations, including the United
States Department of Defense (U.S. DoD), are concerned with the modeling and simula-
tion of non-observable systems, e.g. counter insurgency operations, anti-piracy operations,
humanitarian aid / disaster relief missions. Model validation of non-observable systems is
limited to subjective operational validation and conceptual model validation. The previous
section showed that subjective operational validation in isolation is insufficient. The re-
maining validation technique is the process of validating the model during the development
process. For the non-observable system case, model development acts as the primary source
of model validation. The concept that model development can be the primary source of
model validation is strongly supported by the literature. Pace articulates this best in the

following quote.

‘Conceptual validation should be the foundation for simulation credibility...
without validation of the concepts and algorithms of the simulation, one has
no basis for judgement about how well the simulation can be expected to per-

form for any other conditions.” (Pace, 2004) [136]

Some industries that face non-observable systems, such as industrial systems, have a
long history of guidelines for proper model development and system representation. In
these situations historical precedence will guide proper model development; however, not
all modeling efforts have the benefit of a historical perspective. The modeling of non-

observable systems with little to no historical precedence will require a new approach to
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model development. This leads to the following research objective of this thesis.

Research Objective: Identify a methodology to develop a model in a traceable
and defendable manner for a non-observable system that has a limited or non-

existent history of modeling.

This research objective will be addressed through the following efforts. The first will
be to define a potential set of model development procedures within the literature that can
be used for model development of non-observable systems. A selection will then be made
as to which procedure is best suited for the development based on a set of criteria. Once
a procedure is selected, an assessment will be made as to whether the model development
procedure is sufficient for this type of problem. This work is covered in Chapter 2. Once a
model development procedure has been selected, the literature is revisited to determine how
each step of the process can be completed. Chapters 3 through 5 address specific steps in
the selected model development procedure. Chapter 3 discusses methods for problem for-
mulation, objective definition, and system definition. Chapter 4 provides a new method for
proper conceptual model development. Chapter 5 investigates the experiments and results
steps in the selected model development procedure. Chapter 6 applies the methodology that
was developed in chapters 2 through 5. Finally, a conclusion is presented on the proposed

methodology with additional observations and suggestions for future research.
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CHAPTER II

MODEL DEVELOPMENT PROCEDURES

Every model ever built had to go through a process of development, whether explicitly
stated or not; however, the formal procedure and documentation of model development
varies widely from discipline to discipline and model to model. The highest abstraction of
model development can be discretized into three realms: The entity, conceptual model, and
computerized model [171, 152, 181, 126, 153, 172, 123]. A common representation of this
model development abstraction can be seen in Figure 1, often called the Sargent Circle.
This was first presented in chapter one. The Sargent Circle was originally developed as a
means to communicate concepts of V&V; however, model development and V&V are two
sides to the same coin. It is difficult to address one without addressing the other; therefore,
the Sargent Circle can double as a road map to model development. In the interest of
thoroughness, the Sargent Circle will now be reviewed.

The entity, sometimes referred to as the system, is the object or process that is to be
modeled. The entity represents reality. The conceptual model is the manner in which the
entity is to be represented within a computerized framework. The conceptual model is the
way in which the entity should be modeled in the mind of the modeler [154, 25, 158, 133].
This concept will be expanded on in greater detail in chapter three. Transitioning from
the entity to the conceptual model is referred to as a process of modeling. This is the
primary interest of this thesis based on the research objective stated in chapter one. The
modeling process can be conducted in a variety of ways. This process will be addressed in
the next section. Assessing the conceptual model’s ability to accurately represent the entity
with respect to the research questions and fidelity requirements imposed by the research
questions is referred to as conceptual model validation. The computerized model is the
implementation of the conceptual model in a computer for execution. This is accomplished

through the process of Programming. Assuring that the conceptual model was translated
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into the computerized model correctly is referred to as computerized model verification.
This is also the common interpretation of verification for M&S, as detailed previously.
Once the computerized model is developed, experiments are performed on the model that
will address the questions of the study. This process is called experimentation and will
be addressed in further detail in chapter three. Ensuring that the computerized model
adequately resembles the entity under study is referred to as operational validation. This
is the common interpretation of validation for M&S.

The above modeling process can be used to describe a wide range of computer model-
ing, ranging from modeling physics to operational models, such as fluid modeling, structure
modeling, supply chain modeling, industrial operation models, military models, and biolog-
ical models. The focus of this thesis is the development of M&S for non-observable systems.
There is a significant volume of literature dedicated to this subject of model development
over the past five decades. The most influential works and those deemed important to this
study will be covered; however, significant semantic irregularities exist within the literature.
For this reason, some definitions are required before various model development approaches
are addressed. The definitions that follow are heavily leveraged from the literature; however,
the precise definitions and their use is unique to this thesis.

The first definition is for the phases of the model life cycle. Phases resemble phases
of design for many engineering applications. Commonly, phases of the model life cycle are
sequential and do not repeat. The second definition is the procedure for model development
and use. This is very similar to phases of the model life cycle; however their distinction
is important. The procedure can be thought of as detailing the steps of model develop-
ment. For example, the model development phase can be populated with the following
activities: conceptual modeling, communicative model development, programming, and the
V&V associated with the activities. Iteration is expected between these activities. The next
definition is what is referred to as a framework or methodology. This is a more detailed
account of how to accomplish the steps presented in a procedure. This may include an
approach to system decomposition, model definition, and a documentation language. The

methodologies found in the literature contained these three attributes to a varying degree.
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System decomposition can be described as a process of defining a system as an aggregate of
its smaller parts in an effort to better understand and model the system in question. Model
definition is similar to system decomposition; however, in this context model definition is
focused on decomposition of the modeled system. Model definition is the identification of
the objects that will exist within the model, their attributes, and behaviors. The model
definition will most likely resemble that of the system decomposition. The documentation
language would be a formal method for communicating the functioning of a model. This
can include a set of definitions, images, or documents that are standardized. The purpose of
a documentation language is to create consistency among different fields of study enabling
better communication. The final definition required is the modeling support system. A
modeling support system is a tool that aids in the management of M&S development. This
often takes the form of a computer program.

In the following sections some of the above definitions will be explored further. The cur-
rent literature will be explored to support these definitions and to develop an understanding
of how models and simulations are developed. First the phases of model development will
be explored. This will be followed by an expansive review of the literature of current de-
lineations of the activities that exist within the procedures for model development and
use. Finally, in chapter three an investigation is made into the different methodologies and

frameworks that exist to aid in the development of models and simulations.
2.1 Phases of the Model Life Cycle

The phases of the model life cycle can be broken into many different sections. Of the
definitions to be explored, the phases of the model life cycle has received the smallest
attention in the literature. One reason for this may be that the phases of the model life cycle
is primarily a semantic discussion. The primary interest for model development lies in the
activities and methodologies to develop models. The earliest found phase breakdown comes
from a 1976 report from the Government Accountability Office (GAO) [202]. In the report
five phases are defined: problem definition, preliminary design, detail design, evaluation,

and maintenance. The purpose of the first phase, problem definition, is to define: what
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problem is to be solved, who will be building the model, how the problem should be modeled,
and how the model will be used. The preliminary and detail design phases involve building
the model. Preliminary design is focused on detailing what the model will do and how it
will be executed. Detail design is focused on the actual development of the model. The
evaluation phase is a final V&V that the model undergoes. The final phase, maintenance,
is to document any and all changes to the model. This effort will make the use of the model
throughout its life much easier for current and future users.

Another breakdown of the phases of model development comes from Nance and Balci’s
Model and Simulation Life Cycle [118, 20]. This work can find its origins in The Conical
Methodology developed by Nance and Balci, which was developed in response to the 1976
GAO report [120, 118, 121, 122, 20]. In their approach three phases exist: problem defi-
nition, model development, and decision support. The problem definition is a process of
understanding the customer’s problem and correctly formulating the requirements of the
model that is to be designed. The model development phase includes processes that trans-
late the modeling requirements into an actual programmed model and analyzing said model.
The decision support phase includes the process of communicating the simulation results
and findings to the decision makers.

Another suggestion on the phases of model development made by Chance et al. [43].
They present the following three phases: model design, development, and deployment. They
make a very important statement in that their phases can be iterated. They state that
identified omissions, a change in project scope, and errors found in later phases can cause a
return to earlier phases. This is a different interpretation than in this thesis on the definition
of phases. In this delineation, model design phase contains activities that prepare for the
actual model design and construction. These activities include identifying customers, goals,
time allotment, and performance measures. The phase ends with a document detailing the
requirements of the model. Model development entails selecting a model paradigm, e.g.
discrete event simulation and agent based model, data collection, building the model, and
V&V. The final phase, project deployment, includes analyzing the model results, presenting

results to the concerned party, and maintaining the model.
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GAQO’s five phase description is mostly complete; however, it is missing a phase in which
the results are presented to the concerned party as the Nance-Balci and Chance approaches
suggest. Additionally, the preliminary and detailed design phases seem to be redundant. In
other approaches this is defined within the model development phase. GAQ’s preliminary
and detailed design phases can be considered as two steps in the model development pro-
cedure, conceptual model development and program model development, respectively [20].
Chance’s approach makes a similar breakdown to GAO with the model design and devel-
opment phase. Because the phases of model development are intended to be completed in
a linear fashion all activities relating directly to designing, programming, and Verification,
Validation and Testing (VV&T) of the model will be defined under a model design phase.
The Nance-Balci approach provides a good suggestion for the phases of model development;
however, the maintenance of the model is not explicitly defined. Chance’s approach also
provides a good suggestion for the phases of model development; however, the important
phase of problem definition is not given its own phase and is included with model design
phase.

Noting the positives and negatives of the phase breakdowns listed above, a conclusion
can be drawn for a breakdown of the phases of model development: problem definition,
model design, decision support, and maintenance. In this delineation, the problem defini-
tion phase is the same as the GAO and Nance-Balci approach. The purpose of this phase
is to translate the customer needs into model requirements in terms of questions to be an-
swered, fidelity requirements, budget available, and time available. The model design phase
includes all activities relating directly to designing, programming, and VV&T of the model.
This includes the preliminary design, detail design, and evaluation phases of the GAO ap-
proach and the model design and development phases of the Chance approach. The decision
support phase includes the analysis of the model in combination with communicating the
analysis and notable findings to the concerned parties. Finally, the maintenance phase in-
cludes activities to insure that the model can be reused in the future. This includes final
documentation and continued documentation throughout the model’s life. These phases

are designed to be completed in a successive manner. It is possible for a return to earlier
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phases as was noted by Chance et al. [43]; however, these phases are not designed to be a
spiral development. The returning to earlier phases, though common, is an indication that
there was an error in the model development that must be corrected. It should be noted
that new projects that reuse the model will still require a restart of the model development

phases resulting in updating the model through each phase.

Model ..
Problem . Decision .
Definition » DAZS;?;S;’S;L » Support » Maintenance

Figure 7: Phases of the Model Life Cycle

2.2 Procedures for the Development of Models and Use

Research Question 1: Out of the literature, which procedure is best suited

for model development of the defined type of entities?

There are many suggested procedures available in the literature that detail the steps in
the development of models and simulations. In this section the more popular procedures
available in the literature will be reviewed. This section will focus on what the steps
are rather than how the steps are completed. Once the most appropriate procedure is
selected for this application, the literature will be reviewed to determine how each step is
accomplished.

What makes a good procedure? There are a number of criteria that will help deter-
mine the quality of a model development and use procedure for modeling a non-observable
system. These are completeness, iterative, traceable, and flexible [23]. The attribute of
completeness is one that determines if the procedure listed includes all steps in the model
life cycle. For example, a procedure may exclude the creation of a conceptual model or
the steps of documentation and reporting results. The primary steps that are being looked
for are problem formulation, setting objectives, defining assumptions, conceptual model
development, programming, verification, validation, experimental design, analysis, docu-

mentation, application, and maintenance or storage. These may exist as individual steps or
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within other steps. The second criterion is iterative. All procedures should be iterative, for
model development is iterative in nature. A procedure should display both global and local
iterative features. A global iterative feature is one that links the simulation results to the
initial system decomposition or model conceptualization. A local iterative feature would be
one that displays iterations between adjacent steps in the model development procedure.
The movement from one step to another does not occur at once but instead is a process
requiring iteration between the two steps. Third, an M&S procedure should lend itself to
traceability. One should be able to trace the observations from the results to the assump-
tions made about the model and those assumptions to the problem statement. Given that
there are an infinite number of ways to develop a model and simulation, these decisions
must be traceable and defensible. This will aid in not only the credibility of a model but
also its reuse for future application. An increase in the number of steps within a procedure
and the number of V&V activities aid in traceability. Finally, a procedure should be broad
enough such that it can be applied to a wide number of applications; however, it must be
focused enough so that it is usable. This is largely subjective, therefore the procedure will
be evaluated based on if it is applicable to the following model paradigms: system dynamic
models, discrete event simulations, and agent based models. Initially, each procedure will
be given a subjective score of poor, moderate, good, and very good for each of the criteria.
A more rigorous method will later be applied to help select the best procedure for use in

developing a model for a non-observable system.
2.2.1 The Sargent Circle

The first presented procedure for model development and use was the Sargent Circle. The
procedure is reproduced in Figure 8. It was presented by the Society for Computer Simula-
tion in 1979 [182, 171, 172]. The circle was initially posed as an aid to describe verification
and validation of models through their life-cycle. It is difficult to discuss V&V without dis-
cussing model development; therefore, the Sargent Circle doubles as a model development

procedure. The circle contains three steps. The first, called the system or entity, represents

26



that which is to be modeled within the real world. In Sargent’s words ”The problem en-
tity is the system (real or proposed), idea, situation, policy, or phenomena to be modeled”
[171, 169, 172, 170]. This is followed by the conceptual model. The conceptual model was
earlier presented as the concept for representing the entity as a model that exists within the
mind of the modeler [19, 15, 20, 25]. A more formal and modern definition of a conceptual
model is that it contains a description of what is to be modeled accompanied by the objec-
tives, inputs, outputs, content, and assumptions [171, 152, 46, 156, 94, 172, 22, 18, 23, 48|.
Finally, the computerized model is the conceptual model implemented onto a computer
[171, 169, 172, 170].

The Sargent Circle is a very simple depiction of model development and V&V. The figure
is very useful for communicating how the two are related; therefore, it is understandable that
the circle is considered poor for the criterion of completeness. The procedure contains the
major steps; however, it is missing the problem formulation, application, documentation,
and maintenance. The other steps that are included under completeness can be considered
as part of the steps shown in the circle. The Sargent Circle is considered to be very good
when considering the criterion of iterative. The procedure displays global iteration and
local iteration between each step. Due to the simplicity of the procedure the traceability
is considered poor. A breakup of the steps shown would aid in the traceability of the
procedure. Finally, the flexibility of the procedure is considered to be very good. The

simplicity of the procedure is a great benefit to the flexibility.
2.2.2 The Shannon Life Cycle

Robert Shannon presents another model development procedure in his 1975 book System
Simulation: The Art and Science [178]. Shannon’s Life Cycle is shown in Figure 9. Shannon
begins his procedure as all procedures should be started: with the formulation of the prob-
lem. This is the process of determining exactly the problem that is to be studied. He states
that ”the research team must understand and articulate a set of germane objectives and
goals” [178]. He further states that formulating the problem is a continuous process that

is conducted throughout the study. This step is followed by system definition. He defines
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Figure 8: Sargent Circle

the system as a combination of subsystems and a part of a larger system. He identifies two
functional boundaries of the system. The first is the boundary that separates the problem
from the rest of the universe. The second is the boundary that separates the system of
interest from the environment. After defining the boundaries Shannon suggest the use of
logical flow diagrams or static models. Once this is done it must be determined whether
simulation is still required to answer the questions of the system. If so the next step is
the model formulation. This is similar to conceptual modeling of the other procedures.
The next step is data preparation which is a process of gathering the relevant data and
determining how to use the data. Model translation is the process of developing the com-
puterized model. This becomes the computer model that is able to execute the simulations.
Shannon’s procedure then hits a validation check point. Though the block is stated as a
validation activity, verification is also included. If this step fails, the modeler is to return
to previous steps to right the issues; however, it is unclear to which step the modeler must
return. It is assumed that this is left open to the situation at hand. After passing the
validation check, strategic planning is addressed. In this step the experiments are designed
to answer the questions posed to the system. Tactical planning is concerned with how to
execute each of the experiments identified in strategic planning. The experimentation step

is the execution of the experiments. Included in this step is sensitivity analysis of the model
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parameters. The final check of interpretation is to determine whether the results are useful.
If not, then the process returns to an earlier state. It is unclear to which step the process
should return; however, this author believes that this was left vague by design. The final
two steps are implementation and documentation. Once the results are avaliable, they must
be put into action. This constitutes the implementation step. Finally, no model develop-
ment is complete without documentation of the assumptions, development, and results of
the study.

Shannon’s procedure for model development is mostly complete containing many of the
steps of interest; however, it is missing the maintenance phase. For this reason the pro-
cedure is given a value of good for the metric of completeness. There are many feedback
loops for the procedure; however, they primarily exist only if there is an observed problem.
Additionally, it is unclear where the feedback loops are supposed to point. For these rea-
sons, the iterative nature of the procedure is considered to be moderate. The traceability of
Shannon’s procedure is considered good. There are many steps and multiple check points
that aid in the traceability of the model development. Finally, the flexibility is also consid-
ered good. The procedure does a good job in defining what must be done without limiting

its application.
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The sample mean and sample variance for the Time output and the Mines Remaining
output can be seen in Figures 75 and 76, respectively. The sample mean measure for time
is seen at the top of Figure 75. What is observed is that the Remus Sensor Range of 2500 is
a tipping point in which the time increases linearly. The sample variance, below the mean
graph, shows a more convoluted result. The variance remains mostly constant until the
Remus Sensor Range of 3000 ft in which the variance dips and then begins to return to its
previous level. The sample mean for the mines remaining output, shown in the top graph of
Figure 75, indicates the same result as the output for the mean of the time. It is shown that
the Remus Sensor Range of 2500 is a tipping point in which the mines remaining decreases

linearly. Similarly, the sample variance shows the same behavior.
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Figure 76: Mine Counter Measures: Sample Mean and Sample Variance of Mines Remaining

for 11 Levels

The binomial proportion estimates for the time output is shown in Figure 77. Six
binomial proportion values were selected in a similar manner as in the single point analysis
section. The binomial proportion estimates were made by dividing the observed range of all
output data into six parts. The first binomial proportion estimate determines the portion
of the output that is observed below the minimum observed value plus one sixths of the
range. The second binomial proportion estimate determines the portion of the output that
is observed below the minimum observed value plus two sixth of the range. This pattern is
continued up to the entire range, which would be unity. Figure 77 includes labels indicating
the time used for the binomial proportion. Similar conclusions can be drawn from this
figure as was drawn from the sample mean and variance measures, which is that the time
output begins to change once the Remus Sensor Range rises above 2500 ft. This is indicated
by the knee in the curve for three of the middle measures. The binomial proportions for
the mines remaining output is shown in Figure 78. The same conclusion is drawn from this
figure; however, the curves are different indicating fewer mines remaining.

Another observation can be drawn from these figure; however, they are more subtle and
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difficult to identify. It can be observed that there exist a multi-modal behavior in the time
output and not in the mines remaining output. This observation is made by observing the
difference between the lines in their probability. Note in Figure 77 the bottom two lines
are very close together. Also the top three lines are very close together, but there is a large
gap between them. This is indicative of a multi-modal distribution. Note in Figure 78 the

difference in spacing is more uniform, which is indicative of a uni-modal distribution.
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Figure 77: Mine Counter Measures: Binomial Proportions of Time for 11 Levels
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Figure 78: Mine Counter Measures: Binomial Proportions of Mines Remaining for 11 Levels

The quantile estimates for the time output is shown in Figure 79. Seven quantiles are
tracked across the 11 Remus Sensor Range values. These quantiles are the same as were
used in the single point analysis section, 0%, 10%, 25%, 50%, 75%, 90%, and 100%. The 0%
and the 100% quantiles represent the observed minimum and maximum, respectively. These
measures are plotted with dashed lines to indicate their difference for the other measures.
The middle quantile estimates are plotted with solid lines. Again, the same observation
that the Remus Sensor Range causes increases after 2500 ft can be made. Additionally,
it is easily seen that there exist two peaks in the distribution. This is indicated by the
closeness of the lines. The quantile measures of 10% and 25% remain close to each other
across the cases. The same closeness is shown by the quantile measures of 50%, 75%, and
90%. Another observation can be made about the distributions. For a change in the Remus
Sensor Range of 2500 ft to 2800 ft the five middle quantile measures become much closer
together. This indicates that the distribution is more centrally located, losing its multi-
modal shape. As the range is increased this centrality dissipates, which is indicated by the
90% quantile jumping in value at a range of 3400 ft. Finally, at a range of 4000 ft and new
multi-modal distribution can clearly be seen.

The quantile estimates for the mines remaining output is shown in Figure 80. Again,
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the same observation that the Remus Sensor Range causes increases after 2500 ft can be
made. Additionally, it is easily seen that there exists a symmetric uni-modal distribution
at the lower sensor ranges. This is indicated by the uniform distances between the quantile
measures. After the sensor ranges increases past 2500 ft it can be seen that the distribution
shifts lower and becomes more skewed. This is indicated by the 10% and 25% quantiles

collapsing onto each other.
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Figure 79: Mine Counter Measures: Quantiles of Time for 11 Levels
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5.1.3.4 Conclusion

The sample mean and sample variance were shown to be insufficient for single point analysis,
given that the output distribution is not known a priori. For output analysis over a range
of a variable, the mean and variance was shown to be more useful. Some information was
able to be derived, primarily the general trend. The variance estimate showed to be useful
for only the mines remaining output. This was due to the uni-modal distribution of the
mines remaining output. For the multi-modal distribution of the time output the variance
performed poorly, as would be expected.

The binomial proportion estimates performed very well for the single point analysis.
These measures were able to identify the multi-modal and uni-modal nature of the time
and mines remaining outputs, respectively. The measures also acted as fairly good ap-
proximations of the distribution. Applied to multi-point analysis, the binomial proportions
performed better than the mean and variance by identifying the general trends and the
presence of multi-modal and uni-modal distributions.

Finally, the quantile estimates performed equally as well as the binomial proportion
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for single point analysis. The major difference occurred during multi-point analysis. The
quantile estimates were able to identify the general trends, the presence of a multi-modal
and uni-modal distribution, and provide information on the shape of the distribution as it
changed due to sensor range increasing. The binomial proportions would be able to make
the same observations; however, more measures would be required. Each measure contained
five useful measures. The quantile measure was found to provide more information than
the binomial proportions. For this reason it is recommended that quantiles are used in the

analysis of simulations with stochastic outputs.

Research Question 5 Hypothesis: Quantile estimates should be used for
outputs of stochastic simulations when faced with an unknown or changing dis-

tribution.

5.2 Investigation into the Required Replications for Accurate Confi-
dence Interval Estimation

The previous section addressed which stochastic measures should be used for the outputs of
a stochastic simulation. During the analysis the number of replications required or available
was not considered. It was assumed that the estimates were accurate. This was able to be
done because a large number of replications were used giving considerable confidence in the
estimate. Realistically, there is a limitation on the number of replications one can acquire
from a simulation. This can be due to numerous reasons including time requirements on
analysis combined with run time requirements of the simulation and required number of
unique cases that must be investigated for the desired analysis. For example, if one has a
weekend available to run the simulation (about 63 hrs) and each run requires an hour then
only 63 runs can be accomplished. These 63 runs must be divided between unique cases and
repetitions. Therefore, how many repetitions are required for the different measures? The
following analysis and results to this question are based on a paper by the author published
in late 2013 [197].

Research Question 6, presented at the beginning of this chapter, addresses the question

of the number of replications needed for an accurate stochastic measure. Every measure will

182



contain some error, therefore it is common to calculate Confidence Intervals (Cls) about
the estimate. Cls are used to define a range of possible values in which the true value of
the estimate will lie at some confidence interval level, e.g. 95%. For example, if the 95%
CI of an estimate is found, then the true value will lie within those bounds for 95% of the
estimates. Not to be confused with the statement that the CI has a 95% probability of
containing the true value. The CI either contains the true value or not, but 95% of the Cls
calculated from the estimates will contain the true value.

There are two general methods for determining how many replications are required
using CI. The first determines how many replications are required to achieve an absolute
error tolerance of 5. The error tolerance is the half-width of the CI. Law [100] presents a

sequential procedure to solve for the number of repetitions, which is as follows:

1. Make ng replications and set n = ng
2. Compute estimate and CI half-width of estimate

3. If the CI half-width is equal to or less than S then stop. Otherwise, incre-

ment n upwards by 1 and go to step 2.

This procedure is not recommended by Law due to its sensitivity of the selection of 3
on the coverage accuracy [97]. The coverage is defined as the portion of time the interval
contains the true value. The same sequential procedure as listed above can be applied to
relative errors. The relative error is defined as A\ = |X — u|/|u|, where the mean is the
estimate and p is the true mean. The procedure is repeated until Equation 37 holds true.
The same approach can be taken with other statistical measures. For the sample mean Law
recommends an initial sample size of at least 10 and a relative error no greater than 0.15

[100].

b
ti 11 a2 S*n)/n _A

| X (n)| T 1=

(37)

The procedure mentioned, along with numerous others in the literature, provide a good
approach towards determining how many replications are required. This approach works

well for numerous problems; however, when constructing a surrogate model, or meta-model,
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this procedure does not apply. For surrogate models there does not exist an absolute or
relative error requirement. The CI widths are not important. Instead the goal is to match
the true underlying model. If the surrogate model perfectly captures the true statistical
measure, then one does not care about the CI width of the sample data.

When faced with a heteroscedastic output, i.e. non-constant variance, there are two basic
approaches for linearly regressing the equation coefficients to produce the surrogate model.
The first is to use Ordinary Least Squares (OLS) while making sure that the confidence
intervals are the same width. This can be accomplished by using the procedure suggested
by Law for absolute error tolerances. The other approach is to use Weighted Least Squares
(WLS) where the weightings take into account the different CI widths. An issue with the
first method is that the modeler would not know how many total runs would be required
before starting the runs. Given that the number of cases would need to be maximized
in order to maximize the analysis, the modeler needs to know the number of replications
needed before the execution of the runs. An issue with the second method is that there
is no information available in the literature as to how many replications are required for
accurate Cls without specifying an error tolerance. More specifically, the literature does
not indicate the number of replications that are required for the CI estimate to hold true.

This question will be answered by studying the coverage accuracy of the CI estimates for
sample mean, variance, binomial proportions, and quantiles. The coverage of the CI varies
depending on the measure used and the distribution applied to it. For the sample mean
and variance measure, the skewness, kurtosis, sample size, and desired coverage level will
be varied using the Pearson Family of Distributions. The Pearson Family of Distributions
was selected because it contains some of the most common distributions, e.g. Gaussian,
Student’s t, uniform, exponential, beta, gamma. The accuracy of the CI estimates for the
binomial proportions and quantiles are tested by varying the sample size, coverage level, and
quantile level using the Gaussian distribution. It was found that the distribution does not
significantly impact the CI accuracy of binomial proportions and quantiles. Additionally,
for each of the four measures the mean and variance of the Pearson Distributions were not

varied because they were found not to impact the accuracy of the CI. Estimates on the

184



accuracy of the CIs are found by repeating every combination 20,000 times and calculating
the coverage. An algorithm will be developed to run every case for the four different

stochastic measures.
5.2.1 Required Replications for Accurate Sample Mean Confidence Intervals

The sample mean is an unbiased estimator of the true mean and is reproduced below in
Equation 38. The equation for calculating the CI of the sample mean is shown in Equation
39. This equation is based on the Student’s t distribution instead of the Gaussian because
the Student’s t performs better [100]. The sample mean CI is accurate for all distributions
if n is sufficiently large. This is because the sample mean CI is based on the Gaussian
Distribution and the sample mean follows a Gaussian Distribution which is a result of the

Central Limit Theorem.

_ 1 X
X(n)== (38)
n
i=1
v 2
_ S%(n
X(n)itn 1,1 «/2 75 (39)

The algorithm developed to study the CI coverage accuracy for the sample mean was
developed in the mathematical program MATLAB. The Pearson function was used to create
distributions from the Pearson Family of Distributions. The distributions were created by
varying the skewness between -3 and 3 at 0.25 increments. The kurtosis was varied between
2 and 11 at 0.25 increments. The feasible Pearson Distributions were the ones with a kurtosis
that is greater than the square of the skewness plus one. Each distribution contained two
million data points. The samples were then taken from the distribution for sample sizes
of 5 to 50 incrementing by 5. The desired CI coverage varied between 75% and 95% at
increments of 10%. Each combination was then replicated 20,000 times.

The results from the sample mean confidence interval study are shown in Figure 81.
There are a total of 15 contour plots. The first row shows contour plots of desired Cls
of 95%. The second row show CIs of 85% and the third row shows Cls of 75%. Each

column represents the sample size. The first column shows results for sample sizes of 5.
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Each proceding column increases the sample size by 5 until the final column which has a
sample size of 50. Each contour plot has the kurtosis on the ordinate and the skewness
on the abscissa. The body of the plot contains contour regions of the error between the
desired CI and the observed coverage. An example of the error is that if the desired CI
level was 95% and the observed coverage was 85% then there would be an error of 0.1. The
same error would be observed if the values were switched. The color scale ranges from 0
to 0.1 and is shown on the far right of the figure. Upon examination of Figure 39, it is
seen that the estimate is very accurate. Distributions with low skewness perform the best.
Skewness seems to be the primary driver for the accuracy of the sample mean CI accuracy.
As the sample size is increased the error drops, which would be expected. Interestingly, as
the desired CI level is lowered the error also decreases. The conclusion drawn is that the
sample size should not fall below 10 for low skewness distributions. Increased sample sizes
would be required for greater skewness; however, the sample size should not have to exceed
50. The error with extreme skewness and kurtosis with 50 samples and a CI level of 95% is

only 0.05.
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5.2.2 Required Replications for Accurate Sample Variance Confidence Inter-
vals

The sample variance measure is an unbiased estimator for the variance. The equation for
the sample variance is reproduced below in Equation 40. The CI for the sample variance is
estimated with the use of the x? Distribution and is shown below in Equation 41. The x?
Distribution can be shown to be the distribution of the sample variance from a Gaussian
Distribution. From this it is known that the CI estimator for the sample variance assumes
that the original data set is Gaussian distributed. Therefore, if the original distribution is

not a Gaussian then the CI estimator will have some error no matter the sample size.

[z = X (n))?
§2(n) = =1 (10)
n—1
"( )S%(n) ( )S%( )#
n—1)5(n) (n—1)S*(n
Xi/Z,n 1 ’ X% a/2n 1 (41)

The results from the sample mean confidence interval study are shown in Figure 82.
This figure is represented in the same format as the previous figure. The one difference
between the two figures is that Figure 82 varies the sample size between 10 and 5120.
The sample sizes were scaled as a geometric progression with a common ratio of 2. These
samples sizes were used to show that the repetitions do not improve the accuracy of the
CI estimate. What is observed from this result is that the sample variance CI estimator
is a poor estimator for most Pearson Distributions. The further the distribution is from a
Gaussian Distribution, indicated by a skewness of 0 and a kurtosis of 3, the more inaccurate
the estimate. An interesting observation, however, is that the CI estimator is more sensitive
to kurtosis than it is to skewness. Another trend observed is that as the CI desired level
is decreased, the band of distributions that perform well with the CI estimator decreases
in the kurtosis dimension. What is concluded is that the CI estimator, shown in Equation
41, performs well for distributions with a kurtosis of three within the Pearson Family of

Distributions.
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The CI for sample variance was found to be a poor estimator for most Pearson Dis-
tributions; therefore, another technique must be used for this estimate. A computational
intensive, non-parametric technique called bootstrapping will be used to estimate the sam-
ple variance interval. The philosophy behind bootstrapping is that in the absence of a
known distribution, the sample set itself acts as the best approximation of the distribution
[111, 63]. There are four primary CIs for the bootstrap technique: Normal Approximation
Method, Percentile Method, Bias Corrected Method, and Percentile t-Method [111]. The
Bootstrap Percentile Method was selected for the sample variance CI estimation method.

The Percentile Method estimates the CI of some metric, 8, as follows:

1. Generate B bootstrap samples from the original sample set of size n. Each
sample in the original set has a probability 1/n of being in the bootstrap

sample. Repeated samples are allowed in the bootstrap set.
2. Calculate 6 for each bootstrap sample set, 6.

3. The («/2)B smallest sample estimates the lower interval and the (1—«/2)B

smallest sample estimates the upper interval.

The results from the sample mean confidence interval using the Bootstrap Percentile
Method are shown in Figure 83. This figure is represented in the same format as the
previous figure. Here only the CI level of 95% is shown. Additionally, the sample size of
5120 was removed due to computational limitations. The number of bootstrap samples was
set to the sample size, i.e. B=n. The actual coverage was estimated by repeating each
case 1000 times. This number was reduced from earlier studies due to the computational
intensity of bootstrapping. The irregular pattern seen in the contour plots in Figure 83 are
due to random fluctuations in the coverage estimate. It can be seen that as the number of
samples increases, the coverage estimate becomes more reliable. Additionally, the larger the
kurtosis of the distribution the larger the sample size needs to be. Despite the bootstrapping
method offering a solution for estimating sample variance CI, the sample size required is still
quite large. A sample size of at least 640 is suggested when using the Bootstrap Percentile

Method for estimating sample variance Cls.
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Percentile Method

As shown the number of samples required for the Bootstrap Percentile Method is very
large. With 640 samples the distribution is visible using a standard histogram. The num-
ber of samples required may be reduced by using Gaussian error bounds on the variance
estimate. As the number of samples increases the distribution of the sample variance ap-
proaches a Gaussian Distribution. A given sample of size N can be discretized into B
batches each having Bn samples. The sample variance is then calculated for each batch.
The mean and variance of the batch variances are then used to create confidence intervals
using Equation 39. An experiment was developed that varied the number of batches, the
samples in each batch, the skewness, and the kurtosis. The results can be observed in Figure

84. The total number of samples used for each contour plot is shown in Equation 42.

2 3
25 50 75 100 125 150

50 100 150 200 250 300
75 150 225 300 375 450
Samples = (42)
100 200 300 400 500 600
125 250 375 500 625 750

150 300 450 600 750 900

Observations from Figure 84 lead one to conclude that the number of batches contribute
more to accurate confidence interval coverage than the number of samples in each batch,

assuming the same number of total samples. If one compares the upper row with the left
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most column it is easily seen that increasing the number of batches is preferred to increasing
the number of samples in each batch. Finally, it is observed that the batch sample size of 5
results in some interesting error on the border of feasible distributions. It is recommended
that 10 samples per batch are used and at least 25 batches. This results in a required
sample size of 250 to accurately estimate the confidence interval of the sample variance.
The sample size can be adjusted if the kurtosis of the distribution were known. Given this
knowledge larger kurtosis values would require greater sample sizes and smaller kurtosis

values would require smaller sample sizes.
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5.2.3 Required Replications for Accurate Binomial Proportion Confidence In-
tervals

The unbiased point estimator for a binomial proportion is reproduced below in Equation
43, where Z is the number of occurrences within the defined bounds, e.g. [10,00). The
most common CI for the binomial proportion is called the Wald Interval and is shown in
Equation 44. In Equation 44 2; /), not to be confused with Z, refers to the critical points
of a Gaussian Distribution, which can be found in data tables in the back of most text
books on statistics.

Despite the Wald Interval being the most common CI estimator, the performance of the
interval is erratic and often produces below-desired coverage [40]. Two better alternatives
to the Wald Interval are the Wilson Interval [212] and the Agresti-Coull Interval [6] shown
in Equations 45 and 46, respectively. Brown et al [40] provides an analysis of the interval
estimations and suggests the use of the Wilson Interval for small sample sizes and the
Agresti-Coull Interval for large sample sizes, e.g. n > 40. Given that the goal is to find
the minimum number of repetitions required the Wilson Interval will be used for further

analysis.

A
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The analysis was performed in the same manner as the previous two sections. One dif-
ference in the binomial proportion analysis is that there exist numerous measures instead of

a single measure. The binomial proportion measures used are the values of the distribution
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that would result in 2.5%, 10%, 256%, 50%, 75%, 90%, and 97.5%. Given that there is an ad-
ditional dimension to the analysis the results will be displayed in three figures. The results
from the four binomial proportion confidence intervals at a 95% CI are shown for binomial
proportions of 2.5%, 10%, 25%, and 50% in Figure 85. Only half of the values are displayed
because the results are mostly symmetric about the 50% binomial proportion. The results
from the four binomial proportion confidence intervals at a 85% CI are shown for binomial
proportions of 2.5%, 10%, 25%, and 50% in Figure 86. The results from the four binomial
proportion confidence intervals at a 75% CI are shown for binomial proportions of 2.5%,
10%, 25%, and 50% in Figure 87.

What is observed from these figures is that there is no discernible pattern. As the sample
sizes are increased the coverage accuracy may increase or decrease. The same behavior is
observed when the CI levels are changed. The skewness and kurtosis show no change at all in
the coverage accuracy. This indicates that the Wilson Interval accuracy is not dependent on
the distribution. The only indication contrary to this is seen for 2.5% binomial proportion
at extreme kurtosis and positive skewness where the coverage drops significantly. The same
observation is made for extreme kurtosis and positive skewness for the 97.5% binomial
proportion, which is not shown. Finally, the only reliable pattern observed is increasing
coverage accuracy as the binomial proportion approaches 50%. From these observations,
no heuristic can be drawn for the number of replications required. Another set of analyses

must be conducted.
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Figure 87: Coverage Error for Binomial Proportions at 75% Confidence Interval using Wilson Intervals
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The previous analysis was unable to draw conclusions on the number of replications
needed for accurate CI estimates for binomial proportions. A new series of experiments
were run based on different variables. It was concluded from the previous analysis that
the skewness and kurtosis are not significant contributors to the accuracy of the Wilson
Interval; therefore, a Gaussian Distribution with a mean of zero and a variance of one was
used for all cases. The CI level was varied between 75% and 95% by increments of 5%.
The sample size was varied between 3 and 200 at increments of 1. The binomial proportion
ranged from 0.01 to 0.50 at increments of 0.01. Each combination was repeated 20,000
times to calculate the expected coverage.

The results are shown in Figure 88. The layout of this figure is similar to the previous
two; however, the axes have changed. Each column represents a different CI level with the
leftmost column representing 95% CI and the rightmost column representing 75% CI. For
each contour plot the sample size is on the abscissa and the binomial proportion value is on
the ordinate. The body of the contour plot, like the previous figures, shows the contours of
the error of the coverage.

The first observation is that the coverage accuracy of the Wilson Interval decreases as
the CI level drops. For a given CI level, the error decreases with both increasing sample
size and as the binomial proportion value approaches 0.50. Another observation is that the
error follows an inverse relationship, i.e. n = 1/p. Finally, when observing the body of
the contours, the error has an erratic nature to it. Therefore, increasing the sample size
or binomial proportion value does not always improve the coverage accuracy. It will only
improve the accuracy on the macro scale. The conclusion that is drawn from this analysis
is that the heuristic n > 3/ min(p, 1 — p) is sufficient for the number of replications needed
for a given binomial proportion. The heuristic is plotted as a line in each contour in Figure

88. This value may need to be increased with lower levels of CI.
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Figure 88: Coverage Error of Confidence Intervals of Binomial Proportions using Wilson

Intervals and n > 3/ min(p, 1 — p)
5.2.4 Required Replications for Accurate Quantile Confidence Intervals

The equation of the quantile estimate is reproduced in Equation 47, where g is the de-
fined proportion, and X represents the order statistic of the samples. The equation that
approximates the CI for the quantiles is shown in Equation 48 where X, represents the
r*" smallest value and X, represents the st smallest value. X, and X, represent the
lower and upper bound, respectively, of the interval. For example, if the sample size
were 100, n = 100, the 50% quantile is being Iileasured, g = 0.50, and the confidence

p m
interval level is 95%, 21 /2 = 1.96, then r» = 100(0.5) —1.96 100(0.5)(1 —0.5) and

I m
P
s = 100(0.5) + 1.96 100(0.5)(1 — 0.5) . The lower and upper bound of the interval will

be the 41 smallest value and the 60" smallest value, respectively.

iiq = anqe (47)

p____m
r= A o ng(1—q) (48)
m

P(iXTSi’qus)zl_a

p___
s= ng+zi o2 ng(l—q)

The analysis was performed in the same manner as the sample mean and sample variance
CI analysis. The range for sample size was changed to range from 15 to 150 at increments

of 15. Similar to the binomial proportion, there are numerous measures possible for the
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quantile analysis. The quantile measures used are 2.5%, 10%, 25%, 50%, 75%, 90%, and
97.5%. Given that there is an additional dimension to the analysis the results will be
displayed in three figures. The results for quantiles of 2.5%, 10%, 25%, and 50% at the 95%
CI are shown in Figure 89. Only half of the values are displayed because the results are
mostly symmetric about the 50% quantile. The results for quantiles of 2.5%, 10%, 25%,
and 50% at the 85% CI are shown in Figure 90. The results for quantiles of 2.5%, 10%,
25%, and 50% at the 75% CI are shown in Figure 91.

The first observation made is that the quantile CI estimator performs much better than
the binomial proportion CI estimator. An observation made from the three figures is that
as the sample size increases the coverage accuracy improves. Another observation made is
as the quantile measured approaches 50%, the coverage accuracy improves. There is some
evidence that the coverage accuracy fluctuates with sample size and quantile level, but
this is not to the degree that was observed with binomial proportions. Finally, as is with
the binomial proportion, the coverage accuracy does not appear to be strongly influenced
by the distribution. Despite performing better than binomial proportions no heuristic can
be drawn for the number of replications required from these observations. Another set of

analyses must be conducted.
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The previous analysis was unable to draw conclusions on the number of replications
needed for accurate CI estimates for quantiles. A new series of experiments were run
based on different variables. It was concluded from the previous analysis that the skewness
and kurtosis are not significant contributors to the accuracy of the interval; therefore, a
Gaussian Distribution with a mean of zero and a variance of one was used for all cases. The
CI level was varied between 75% and 95% by increments of 5%. The sample size was varied
between 3 and 300 at increments of 1. The binomial proportion ranged from 0.01 to 0.50 at
increments of 0.01. Each combination was repeated 20,000 times to calculate the expected
coverage.

The results are shown in Figure 92. The layout of this figure is the same as Figure 88,
which was used to find the heuristic for binomial proportions. The first observation made
is that the coverage accuracy decreases as the CI level decreases. It is observed that the
error follows an inverse relationship, i.e. n = 1/4. Following this inverse relationship there
appears to be ‘waves’ of increased and decreased error. Finally, a conclusion is drawn on a
heuristic for quantiles. This heuristic is n > 5/ min(p, 1 — p) and is plotted on each contour

graph in Figure 92.
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Figure 92: Coverage Error of Confidence Intervals of Quantiles and n > 5/ min(p, 1 — p)

5.2.5 Conclusion

Note that these heuristics represent the minimum required sample sizes for accurate CI
estimates. More repetitions may be required based on the needs of the analysis. The

analysis on the coverage accuracy of the sample mean CI showed that the estimate was
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very accurate. A sample size of at least 10 is suggested for the heuristic of the sample mean
CI. For distributions with a skewness of above one, larger sample sizes are required. The
kurtosis of the distribution was not seen to be a significant factor in the required sample
size.

The CI estimator for sample variance was found to be a very poor measure. Interestingly,
the skewness was not found to be a significant factor in the coverage accuracy of the CI
estimate. Kurtosis was found to be critical. For distributions that do not have a kurtosis
of three this measure should not be used. The Bootstrap Percentile Method was found to
accurately estimate the bounds at sample sizes of 640 and larger. For kurtosis above five
more repetitions would be required. In general sample variance was not found to have a
reliable confidence interval estimate for reasonable sample sizes.

The Wilson Interval was selected to estimate the binomial proportion confidence interval.
It was found that the skewness and kurtosis were not significant contributors to the accuracy
of the interval. A Gaussian Distribution with a mean of zero and a variance of one was used
for the analysis. A heuristic for the required sample size was found to be n > 3/ min(p, 1—p).
The CI level was found to have an impact on the accuracy of the interval; therefore, it is
suggested that for CIs of 75% or lower that larger sample sizes are used.

The quantile confidence interval estimator was found to perform much better than the
binomial proportion CI estimators. Similarly, it was found that the skewness and kurtosis
were not significant contributors to the accuracy of the interval. A Gaussian Distribution
with a mean of zero and a variance of one was used for the analysis. A heuristic for the
required sample size was found to be n > 5/ min(p, 1 — p). The CI level was found to have
an impact on the accuracy of the interval; therefore, it is suggested that for CIs of 75%
or lower that larger sample sizes are used. As a result of this analysis heuristics can be

presented to answer Research Question 6 shown below.

Research Question 6 Hypothesis: Sample mean confidence interval estima-
tion requires at least a sample size of ten. For distributions with a skewness

above one use a sample size of 50 or more.

206



Sample variance confidence interval estimation requires the use of batching. A

sample size of at least 10 is required and 25 batches are suggested.

Binomial proportion confidence interval estimation requires that at least 3/ min(p, 1—

p) samples are used. For a CI of 75% or lower use a larger sample size.

Quantile confidence interval estimation requires that at least 5/ min(g, 1 — §)

samples are used. For a CI of 75% or lower use a larger sample size.
5.3 Heuristics on Regressions of Stochastic Outputs

The heuristics presented in the previous section addressed the questions of “how many
replications are required for confidence interval estimates to hold true?” This does not help
if one were attempting to create a surrogate model of the simulation output data. Therefore,
the next logical question is “which method should be used when creating surrogate models
of stochastic measures?”, which is Research Question 7. Before answering this question,
three explanations need to be given. The first is to define a surrogate model. The second is
to define what makes a good surrogate model. The third, and final, explanation is on how

stochastic data presents challenges to surrogate modeling.

Research Question 7 Which method should be used when creating surrogate

models of stochastic measures?

A surrogate model is a mathematical representation of a data set that relates a set of
input variables to a set of output variables. There are several different types of surrogate
models that can be created. The focus here will be placed on response surfaces. Typically,
data is gathered by executing a series of experiments on either a computer simulation or a
physical test using a Design of Experiments (DoE). A DoE is a series of experiments that
have been designed in such a way as to maximize the information that can be gathered for
a given set of test cases. Once the data is gathered, a polynomial equation is created that
approximates the computational or physical environment. This equation commonly takes
the form of the 2" Order Response Surface Equation shown in Equation 49 [113], where

x represents the input variable values and b represents the regressors. The regressors are
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then found using least squares method.

X X A XK
R =1by+ bix; + b”l‘? + bijxiwj + € (49)
i=1 i=1 i=1 j=i+1

A good surrogate model is one that captures the behavior of the true model with suf-
ficient accuracy. This is tested by determining the Goodness of Fit. The Goodness of Fit
contains five tests [54, 51|, which are enumerated below. The Coefficient of Determination,
denoted R?, is an indicator of how well a set of data points fit a line or curve. This measure
will be used extensively in this section. It is calculated by Equation 50. SS;.s represents
the Residual Sum of Squares and is shown in Equation 51. S5y, represents the Total Sum
of Squares and is shown in Equation 52. The remaining steps for assessing the Goodness
of Fit are not needed for the analysis in this section; therefore, the details of the steps will

not be expanded upon.

1. Determine if R? is sufficient

2. Investigate actual by predicted plot for patterns
3. Investigate residual by predicted plot for patterns
4. Investigate variance and mean of model fit error

5. Investigate variance and mean of model representation error

P
SSres (yz - fz)2
21— —1_ i\
R ! SStot ! (i — )2 (50)
> 2
SSres (yz - fz) (51)
= 2
SSiot = (vi — ) (52)

%

Stochastic data presents challenges for creating surrogate models. If a surrogate model

was developed that perfectly captured the true underlying measure, e.g. mean, then the

208



Goodness of Fit tests would indicate some error. This may lead the analyst to believe that
the surrogate model is a worst representation of the data than it truly is. This error arises
as a result of the stochasticity of the output and the fact that every measure, e.g. sample
mean, contains some error.

In addition to the possibility of obtaining misleading results from the Goodness of Fit
test, a common mistake for the use of least squares regressions is to use Ordinary Least
Squares (OLS) with a constant number of replications for each case. The problem with this
approach is that it assumes that the output data is homoscedastic, i.e. constant variance
for each case. As was shown in the previous sections this may not be the case. In fact,
it would be expected that most stochastic simulation outputs with different inputs would
be heteroscedastic; heteroscedasticity was observed in the output of the MCM model in
Figures 73 and 74. The issue with using a constant number of replications for each case for
OLS is that cases with high error are given equal weighting to cases with low error. This
can result in poor model representation because the model will be regressed to the error
from the high error cases. Heteroscedastic simulation outputs can be better regressed by
maintaining a constant CI width or by using Weighted Least Squares (WLS).

Analysis will be performed to compare the performance of using OLS with constant
sample sizes for each case (OLScg), using OLS with constant CI widths (OLS¢cr), and
using WLS. The weighting commonly used for WLS for regressing the sample mean is the
inverse of the standard deviation [180]. This weighting will not work well for non-sample
mean regressions, e.g. quantiles, therefore the 95% CI widths will be used instead. Since the
CI width is a linear mapping of the standard deviation of the sample mean it is a natural
alternative. Additionally, CI widths are available for all stochastic measures. For these
reasons the CI width will be used as the weighting for the WLS regressions.

A canonical example will be used to help determine how the regressors should be re-
gressed for a heteroscedastic data set. Once the manner in which stochastic data should
be regressed is decided, e.g. OLScg, OLScr, WLS, a heuristic will be presented on the

number of replications required to create a surrogate model of stochastic simulation data.
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5.3.1 Experimental Set Up and Results of a Canonical Example

A canonical problem was developed that contained one output with two inputs: X and Y.
The output follows a Gaussian Distribution. The mean of the output is defined by Equation
53 and is graphed in Figure 93. The variance of the output is defined by Equation 54 and
is shown in Figure 94. The canonical problem was given a large variance to emphasize
the impact of sample size on the performance of the regression methods. The problem is
bounded on the x-axis and y-axis between -5 and 5. The input space is sampled with a four-
level full factorial design giving a total of 16 cases. The mean, binomial proportions, and
quantiles will be regressed using the three least squares approaches. The variance measure
is excluded because it was found in the previous two sections that variance is a poor measure
for stochastic output data. Surrogate models were created for the stochastic measures for
sample sizes ranging from 25 to 500 at intervals of 25. The OLS¢ case redistributes the
samples to maintain a constant width while keeping the total number of runs constant. The
true variance was used to calculate the required sample size. The R? between the sample
values and the true values will be calculated. This measure will determine the amount of
variability that the surrogate model captures of the true model. This process is repeated

1,000 times to determine the expected RZ.

M=X+Y+5Y2+ X34+ XY (53)

0% = 25000(X?% 4 Y?) (54)
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Figure 94: True Variance of the Canonical Example

5.8.1.1 Least Square Regressions of the Mean

All regression methods were regressed using the known model shown in Equations 53. An
exact regression using any of the least squares regression methods would result in the

following coefficients: 1,1,5,1,1. The results of the three regression methods are shown in
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Figure 95 through Figure 98. Figure 95 compares the three methods using the Coefficient
of Determination between the regressed model and the sample mean. It is observed that
OLScs outperforms the other two methods, OLSc; and W LS, whom perform at the same
level. Additionally, it is observed that the R? improves asymptomatically as the sample
size increases. This result is enlightening when compared to the result shown in Figure
96. Figure 96 shows the same three methods compared to the true mean as opposed to
the sample mean. It is observed that OLScg performs the worst when compared to the
true mean. This observation reasserts the claim made earlier that the use of OLS¢g for
heteroscedastic data can result in misleading results. This is further emphasized in Figure
97 and Figure 98. Figure 97 compares the Coefficient of Determination of the OLS¢g
method for both the sample and true mean. It is observed that performance with respect
to the sample mean initially shows an inflated quality of performance. It is not until the
sample size exceeds 100 that the regressed model performs better for the true mean than
what would be reported for the sample mean. Note that the sample mean comparison
would be the only measure available to test the quality of the fit. Figure 98 makes the same
comparison for the OLSc; and W LS methods. The same observation is made here as in
Figure 97, though for a smaller sample size. The final observation made is that the OLS¢;

method slightly outperforms the W LS method. This is best shown by Figure 96
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Figure 95: Variability Captured of the Sample Mean for Three Least Squares Methods
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Figure 96: Variability Captured of the True Mean for Three Least Squares Methods
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Figure 97: Variability Captured Comparison of the Sample and True Mean for OLS¢cg
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Figure 98: Variability Captured Comparison of the Sample and True Mean for OLScg and
WLS

5.8.1.2 Least Square Regressions of the Binomial Proportions

The binomial proportion measurements will be made at the value that occurs for the true
mean for an X and Y value of zero, which is zero. The binomial proportion will report the
portion of observations that occurs greater than or equal to zero. The variance equation
was reduced by two orders of magnitude for this study so that greater variability occurs for
the binomial proportion values.

Resizing the sample sizes for each DOE case for the OLS¢c; method presents some diffi-
culty. To resize the sample sizes to maintain a constant CI width the following observations
are made. The confidence interval width for the binomial proportions are based on the
sample proportion value measured, e.g. 0.25, and the sample size. The interval width is
at its minimum when the value is zero or one. For this case the Wilson Interval width is
2 /o J(n+ 23 /2). The interval width is at its maximum when the value is 0.5. For this

g
case the Wilson Interval width is 2y o0 1421 o/2/n?/(1 4+ 21 o2/n). Given the true

mean, true variance, and the distribution the true binomial proportion for each of the 16
DOE cases is known. These values will then be taken to manually resize the samples such
that the CI widths are constant and the total number of runs are maintained across the
three least squares methods. The results for sample size 25 is shown in Table 44. This ratio

of sample sizes are maintained as the sample sizes are increased.
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