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Addressing the Reliability and Life Cycle Cost Analysis Problem 
for Technology and System Developers Early in the DoD System 

Development Process 
 

Mark Pflanz 
Konstantinos Triantis, PhD, Committee Chairman 
Department of Industrial and Systems Engineering 

(Abstract) 
 

Early in the process of developing or upgrading new weapon systems, 
Department of Defense (DoD) system and technology developers are faced with 
decisions regarding which technologies are appropriate for inclusion into the 
conceptual design.  To reduce risk and improve decision making, system and 
technology developers need a capability to assess the impact of technology 
reliability on the attributable Operating and Support (O&S) cost of the system.  
Early understanding of the reliability implications of potential technologies on 
system O&S cost will help make better informed decisions early in the system 
development timeline, prior to points of design lock-in.  Using a Marine Corps 
case study and a system dynamics simulation model, this thesis examines the 
nature of the relationship between component reliability and attributable 
changes in O&S cost.  This thesis also develops a potential analysis methodology 
repeatable for future use.  The modeling results indicate that this relationship is 
best described as exponential decay, meaning that the savings in O&S cost per 
system mile is proportional for any fixed incremental change in component 
reliability.  We find these results to be insensitive to changes in preventative 
maintenance policies, maintenance deferment ratios, and component 
replacement cost.  We completed verification and validation using the case study 
and existing Marine Corps systems, finding good association between the 
modeling results and the actual system.  This analysis is valuable to the system 
and technology developer by helping to answer the question: ‘how reliable is 
reliable enough in terms of O&S cost’ when considering technologies with 
uncertainties in long-term performance.   
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1.0 Introduction 
Section 1 begins this document with a description of the problem.  Using a 
specific case study, our problem definition begins with a background description 
of the challenges in the field of Marine armored fighting vehicle development 
using a case study: the MEFFV Program.  Using the specifics of the MEFFV case 
study as a starting point, subsequent sections generalize the nature of this 
problem to foster the beginnings of problem resolution.  Using this case study 
approach allows several advantages.  First, it assists in scoping the problem, 
second, it assists in quantifying the problem, and third, it provides a contextual 
backdrop facilitating understanding by the reader.   

1.1 Background 

A MEFFV Case Study 
The United States Marine Corps (USMC) is implementing a new warfighting 
concept, called Expeditionary Maneuver Warfare (EMW).  EMW will require 
new and more capable systems to replace the capabilities resident in the Marine 
Corps’ current Light Armored Vehicle (LAV) and M1A1 tank organizations.  
Additionally, by 2015, the LAV will reach the end of its service life, followed 
shortly by the M1A1 tank in 2020.   The MAGTF Expeditionary Family of 
Fighting Vehicles (MEFFV)1 is intended to perform the missions currently 
performed by both these vehicles, as well as new roles required for the conduct 
of EMW.  Meeting the capability enhancements envisioned in EMW is not 
deemed possible without leveraging advances in certain key technologies.2  
While advanced technologies offer possibilities to increase system capability, 
their integration often causes wide ranging programmatic impacts including 
changes in system reliability and subsequently an increase to the life cycle cost.  
As a Marine Corps program early in its acquisition life cycle, MEFFV must 
understand and account for these technology impacts early in its system 
development process.   

A Change in USMC Operating Concepts While Equipment Ages 
The United States Marine Corps (USMC) is implementing a new warfighting 
concept called Expeditionary Maneuver Warfare (EMW).  Currently, the USMC 

                                                 
1 MEFFV is an acronym with the embedded acronym of MAGTF. A MAGTF (Marine Air Ground 
Task Force) is the basic organizational structure of the Marine Corps while operationally 
deployed.  
2 US Department of Defense.  United States Marine Corps Combat Development Command.  
Expeditionary Maneuver Warfare Capability List.  Quantico, VA, 2003.  This document highlights the 
needs and opportunities for technological improvement by outlining where Marine capabilities 
need to be increased.   
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employs Light Armored Vehicles (LAV) and M1A1 tanks to accomplish 
significant portions of its armored warfare capability requirements.  EMW, 
however, will require more capable equipment and systems than the LAV and 
M1A1.   Additionally, by 2015, the Light Armored Vehicle (LAV) will reach the 
end of its service life, followed shortly by the M1A1 Main Battle Tank in 2020.  
The MAGTF Expeditionary Family of Fighting Vehicles (MEFFV) is intended to 
perform the missions currently performed by both these vehicles, as well as new 
roles required for the conduct of Expeditionary Maneuver Warfare (EMW).  The 
U.S. Army is also transforming its ground forces with the Future Combat 
Systems (FCS) Program.  As a system of systems, FCS will field a new set of 
ground armored vehicles and unmanned systems operating within an ambitious 
network centric force structure, called a Unit of Action (UA).  Unable to support 
two separate ground vehicle programs, the Secretary of Defense mandated that 
MEFFV and FCS shall form a Joint Program Office (JPO) to support the 
fulfillment of both services’ armored force requirements. 

New Technological Solutions Needed 
Meeting the capability needs envisioned in EMW will require the maturation and 
integration of new technology solutions into the MEFFV family of vehicles.  The 
need for technology maturation integration arises from two principle sources.  
First, recent advances in armored fighting vehicle technology provide significant 
opportunities to enhance the overall capability sets of MEFFV and maintain 
historic US warfighting superiority.3  Examples of these include advancements in 
lightweight armor and other survivability technologies; improvements in 
weapon systems; advancements in networking and C4I (Command, Control, 
Communications, Computers and Intelligence); improvements to engine and 
propulsion technology. Second, the demands implied from implementing the 
EMW concept in Marine Corps operations require new technology solutions.  
Indeed, executing EMW is not deemed possible without leveraging advances in 
certain key technologies4 in the areas of mobility5, lethality6, survivability7, 
sustainability8 and command & control.9 

                                                 
3 Derived from multiple sources 
4 Derived from multiple sources 
5 Mobility – “A quality or capability of military forces which permits them to move from 
place to place while retaining the ability to fulfill their primary mission” For land vehicles, 
mobility is often associated with the ability to move across certain terrain types, at certain speeds 
for certain distances, to ‘maneuver across the battlespace.’ US Department of Defense.  Joint Staff.  
Joint Publication 1-02: Department of Defense Dictionary of Military and Associated Terms.  Arlington, 
VA, 2003. p351.    
6 Lethality - The ability of a weapon system to “destroy its targets through blast, penetration, 
fragmentation,” or other means of “physical destruction to prevent the target from functioning” 
Joint Publication 1-02:  p368.  
7 Survivability – The ability of a system to avoid detection or acquisition by an enemy; if 
acquired, avoid being hit by an enemy’s weapons; if hit, avoid penetration of the weapon into the 
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New Technologies Often Lead to System Reliability Concerns 
A recent trend in the development of systems in the Department of Defense 
(DoD) is the increasing complexity of individual systems, especially through the 
integration of advanced technologies.  While advanced technologies offer 
possibilities to increase system capability, their integration often causes wide 
ranging programmatic impacts, especially in the area of reliability.10  From an 
engineering perspective, greater system complexity from new technology often 
causes system reliability concerns.  One concern is the maturity of the technology 
to be integrated.  Immature technologies, used by the DoD to meet performance 
goals without due attention to Operating and Support (O&S) costs, naturally 
leads to reliability problems.11  The Department of Defense has a documented 
history of introducing immature technology into programs, often causing delay 
and increased cost.12  Reliability growth is a strategy where system developers 
and maintainers strive to increase the reliability of the system throughout its life 
cycle. As one may expect, reliability growth demands time and funding to 
succeed. 

                                                                                                                                                 
vehicle; and if penetrated, minimize damage to the vehicle or crew (adapted from multiple 
sources). 
8 Sustainment – “The provision of personnel, logistic, and other support required to maintain and 
prolong operations or combat until successful accomplishment or revision of the mission 
or of the national objective” Joint Publication 1-02: p515. 
9 Command & Control– “Command and control is the exercise of authority and direction over 
assigned and attached forces in the accomplishment of a mission.” Expeditionary Maneuver 
Warfare Capability List. p8. 
10 Reliability – “…the probability that a system… will accomplish its designated mission… in a 
satisfactory manner for a given time period when operating under specified operating 
conditions.” Blanchard, Benjamin S., and Wolter J. Fabrycky.  1998.  Systems Engineering and 
Analysis.  Upper Saddle River, NJ: Prentice Hall. p345 
11 US Congress.  Government Accountability Office.  Best Practices: Setting Requirements Differently 
Could Reduce Weapon Systems’ Total Ownership Costs.  GAO–03-57, 2003. 
12 US Congress.  Government Accountability Office. Best Practices: Better Management of Technology 
Development can Improve Weapon System Outcomes. GAO/NSIAD-99-162, 1999. 
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The Dominance of Operations and Support (O&S) Costs in Life Cycle Cost 
Estimating 
Operating and Support (O&S) costs comprise a major portion of the overall life 
cycle cost estimate and must be weighed carefully in the overall analysis of a 
new or proposed system.  O&S costs consist of the costs of “personnel, 
equipment, supplies, software, and services associated with operating, 
modifying, maintaining, supplying, training, and supporting the system in the 
DoD inventory.”13  As a general rule of thumb in parametric analyses, acquisition 
and cost analysts consider O&S costs to be 60% of the total system life cycle cost, 
with Procurement as 30% and Research and Development (R&D) as 10%.14   
 

 
Figure 1-1 Program Life Cycle Cost Magnitudes 15 

 
 
      R&D  Investment O&S 
 
  F-16 Fighter   2%  20%  78% 
 
  M-2 Bradley 
   Fighting Vehicle  2%  14%  84% 
 
 Exhibit 2-2.  PERCENTAGE OF LIFE-CYCLE COSTS 
 INCURRED IN VARIOUS PROGRAM PHASES 1  

Figure 1-2 Percentage of Life Cycle Cost Incurred Per Program Phase 16 

                                                 
13 US Department of Defense.  Defense Acquisition University.  Defense Acquisition Guidebook.  
Fort Belvoir, VA, 2004. p 42. 
14 US Department of Defense.  Joint SBA Task Force chartered by the Acquisition Council of the 
Department of Defense (DoD) Executive Council for Modeling and Simulation (EXCIMS).  Road 
Map for Simulation Based Acquisition (SBA).  1998.  p6-9. 
15 US Department of Defense.  Office of the Secretary of Defense Cost Analysis Improvement 
Group (CAIG).  DoD Operating & Support Cost Estimating Guide, Arlington, VA, 1992.  Diagram is 
Exhibit 2.1, p11.  
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In extreme circumstances, the O&S cost profile can be much more dramatic, as 
seen in the O&S costs for two recent DoD Programs: the Air Force’s F-16 Fighter 
Aircraft and the Army’s M-2 Bradley Fighting Vehicle.  The current trend in DoD 
weapons systems is an increase in the expected life span of current and new 
systems.  To see this, one need not look further than the Army’s M1 tank which 
the Army is considering keeping in its inventory through at least 2034- a life span 
of almost 54 years!17  Longer system life spans in DoD weapon systems logically 
infer an increasing proportion of O&S costs as a percentage of the system life 
cycle costs.  

Reliability is Negatively Related to O&S Cost 
From an affordability perspective, small changes in reliability may result in 
much larger changes to life cycle cost.   Therefore, system reliability is a critical 
aspect of system life cycle cost.  The cost connection to spare parts is obvious.  
Components with lower reliability must be replaced more often, stored in greater 
quantities, and continually manufactured, thereby increasing cost.  More than 
just the cost of spare parts, however, reliability affects force structure and 
therefore the staffing (personnel) portion of O&S costs. For example, the number 
of maintainers in an organization is based on the system reliability.18  Therefore, 
more reliable systems can operate with fewer maintainers, and accordingly 
reducing the O&S cost of a system.  Unfortunately, the opposite is also true.  The 
Army is currently seeing the impact of low reliability on its O&S budget.  In 
2002, Robert Kuper, the Army Tank and Automotive Command Executive for 
Reliability & Quality, presented the chart shown in Figure 1-3.  This chart 
demonstrates why the DoD, and the Army in particular, is paying close attention 
to the reliability problem.  Moreover, the Government Accounting Office (GAO) 
has found that increasing O&S costs of existing weapon systems are limiting the 
DoD’s ability to modernize and acquire new systems.19  

                                                                                                                                                 
16 DoD Operating & Support Cost Estimating Guide. Diagram is Exhibit 2.2, p12.   
17 The M1 tank entered Service in 1980 and has undergone several upgrades / improvement 
programs. 
18 US Department of Defense.  Rand Arroyo Center.  Combat Service Support Transformation, by 
Eric Peltz, John Halliday, and Steven Hartmann. Pasadena, CA., RAND-DB425, 2003.  
19 Government Accountability Office, d0357: Setting Requirements Differently Could Reduce 
Weapon Systems’ Total Ownership Costs. 
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Figure 1-3 The Effect of O&S Cost is Slowing Modernization 20 

Note: This discussion speaks only to life cycle cost implications of reliability, to say nothing of the 
unquantifiable cost of reduced operational effectiveness and loss of human life due to unreliable systems.  

The Timeliness of Decision Making in the DoD System Development 
Process 
Much of the Life Cycle Cost of a program is determined very early in the system 
development timeline. DoD programs, such as MEFFV, must understand the 
impact of new technologies on the system life cycle. To be relevant, this 
understanding must support the programmatic decision making timeline, 
especially in the early portions of the system development lifecycle. The issue at 
hand can be thought of as engineering path dependence, or lock-in. It occurs 
when key decisions made early in the system life cycle cause divergences in how 
the system is developed, employed and disposed of. Lock-in is most easily 
visualized in the difference in the commitment of cost versus the incurrence of 
cost during the system life cycle, as shown in figure 1-4.21  Therefore, the 
capability improvements deemed possible through technology must be carefully 
weighed with the system’s reliability and life cycle cost.     
 

                                                 
20 US Department of Defense.  United States Army Tank and Automotive Center (TACOM).  
Army Transformation Reliability Improvement Program: Implementing Ultra-Reliability, by R. Kuper, 
US Army TACOM Executive for Reliability and Quality, presentation to the 46th Annual Fuze 
Conference on May 1st, 2002. 
21 Buede, Dennis.  2000.  The Engineering Design of Systems: Models and Methods. New York: John 
Wiley & Sons, Inc. p7. 
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Figure 1-4 Cost Committed Vs Cost Incurred 22 

 
The Government Accounting Office, in conjunction with the Defense Acquisition 
University, found similar results to Buede’s above for defense systems (Figure 1-
5).  These results indicate that the system developer must have a far reaching 
understanding of life cycle costs very early in the system development process.  
 

 
Figure 1-5 Percent of Life Cycle Cost Determined per System Development Phase 23 

 
 

                                                 
22 Buede, p7.  Diagram is Figure 1-2 ‘Cost Commitment and Incursion in System Life Cycle’ 
23 Government Accountability Office, d0357: Setting Requirements Differently Could Reduce 
Weapon Systems’ Total Ownership Costs.  Diagram is Figure 2, p15.  
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Problem Summary 
By necessity, the DoD is a performance driven organization.  However, it 
operates in a cost constrained environment.  While at war, the American public is 
willing to pay virtually any price to ensure victory at minimal loss of life.  
Preparing to win our nation’s wars, however, usually occurs in peacetime, when 
the public is less willing to pay any price.  This fact and other obvious fiscal 
realities force cost constraints onto the DoD, limiting its ability to modernize 
under the fiscal burdens of currently fielded systems.  As the Marine Corps 
prepares for future wars, it is changing its operating concepts and introducing 
necessary technology advancements to support those concepts.  As advanced 
technologies are integrated into increasingly complex systems, the DoD has 
demonstrated a history of reliability problems resulting in large O&S cost 
burdens that inhibit our ability to modernize the force.  
 
The DoD system development managers face many challenges in this 
environment.  As noted in Figure 1-5, by the time requirements have been set 
(long before a detailed design is in place), the vast majority of cost is already 
committed in a program.  Once the requirements and initial design are set, a 
broad array of tools is available to assess system reliability and to more 
accurately assess life cycle cost.  Prior to this point, however, precious few 
resources exist to help system managers make the critical early decisions upon 
which most of the reliability and cost are predicated.  The unintended 
consequence is that early in the system development life cycle, DoD programs 
make far reaching decisions regarding the development of the system, often 
without critical reliability information on the technology designs to be used in 
the system.  Therefore, early understanding of the reliability implications of potential 
technology designs on system life cycle cost will help developers make better informed 
decisions at potential points of technology lock-in early in the program timeline. 

1.2 Problem Statement 
For DoD system and technology developers early in the development process, 
“how reliable is reliable enough in terms of O&S cost” when determining which 
technologies to include in the conceptual design of armored vehicles?  Where do 
we observe diminishing cost savings as we force greater reliability into the 
design of new technologies?  
 
To visualize the problem, a simple diagram is presented below that graphs 
attributable O&S cost against changes in reliability.  Intuitively, the system or 
technology developer understands that greater reliability is related to a reduction 
in attributable O&S cost.  The more reliable a technology is, the less attributable 
O&S cost will result from that component or technology.  Attributable cost refers 
to those costs incurred directly as a result of maintaining those components, not 
the total cost of a system.  Examples include spare parts cost, the cost of labor, 
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and facilities costs.   This research seeks to understand the shape of the resulting 
attributable O&S cost vs. technology reliability curve.  Is there a discernable 
shape to this relationship with areas of diminishing returns, perhaps a knee in 
the curve?   

Attributable O&S Cost

R
el
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bi

lit
y

Attributable O&S Cost

R
el
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bi

lit
y

 
Figure 1-6 Potential Relationships between Technology Component Reliability and  

Attributable O&S Cost 
 

1.3 Problem Scope 
Armored fighting vehicle design is an exceeding complex endeavor.  The MEFFV 
Program will need to consider the operational effectiveness and cost of various 
existing and emerging technologies for all of its expected functionality.  This 
primarily includes lethality, mobility, command and control, and survivability.  
Any one of these topics is worthy of, and requires, significant research and 
analysis.  The scope of this research shall focus on the system design aspects of 
tactical mobility (system propulsion).  This includes power storage, generation, 
distribution and control.  More specifically, we will examine, from an O&S cost & 
reliability perspective, those technologies directly contributing to the tactical 
mobility of the vehicle.  Examples of such components include the engine, 
chassis, and energy storage system of potential MEFFV designs. 
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Scope of Classic Design
Systems Are Designed For Suitability:

– Performance
– Usability (Human Factors)
– ‘Producability’
– Reliability
– Maintainability
– Supportability
– Affordability (LCCE)
– Disposability
– Among others…

Our Focus

Scope of Vehicle Design
Armored Fighting Vehicle Design Considers:

– Survivability
– Lethality
– Sustainment
– Command and Control
– Mobility (propulsion)
– Transportability
– Interoperability
– Among others…

Our Focus
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– Among others…

Our Focus

 
Figure 1-7 Scope 

 
This study is not intended to explore the ‘cost vs. performance’ or ‘performance 
vs. reliability’ aspects of systems engineering.  Rather, we will focus on those 
trades between reliability and life cycle O&S cost in the mobility aspects of an 
armored fighting vehicle, early in the system development life cycle.  Reliability 
Modeling and Life Cycle Cost Estimating are areas of significant active research.  
Therefore, this effort shall leverage those resources as available.  While the scope 
allows research to focus on one specific design area (mobility), the topic still 
contains considerable depth.  However, in keeping with the problem statement, 
we are examining technologies that in many cases remain unproven and without 
historical data.  Therefore, the reliability estimates shall maintain a balance 
between the depth of analysis, the availability and credibility of data, and the 
resources available for this analysis.   

Scope Rationale 
This research will investigate how choices in vehicle mobility technology options 
(propulsion) will affect system O&S cost from a reliability perspective.  Why focus 
on reliability?  DoD systems are often kept in the inventory for long time 
horizons. The M1 tank is an example of a system expected to be in the Army 
inventory for more than 50 years.  A long operating life cycle means that O&S 
costs due to reliability issues will have increasingly large effects on the life cycle 
cost of the system.  As noted, the services are already seeing these problems 
reflected in their O&S budgets and abilities to modernize.  Why focus on mobility 
(vehicle propulsion)?  First, the sustainability of combat vehicles is a driving factor 
in the development of new propulsion delivery technologies.  The US military 
needs to reduce the logistics footprints of it forces conducting foreign operations.  
This implies vehicles that can travel farther on a given supply of energy and 
vehicles with low maintenance requirements.   New technologies will be 
required to meet these demands.   Second, although combat vehicles with long 
system life cycles can be expected to be upgraded, those upgrades generally do 
not change the primary mobility design of the system.  For example, the Army’s 
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M1 tank and M2 Bradley fighting vehicle have each undergone at least three 
major product improvements, none of which included dramatic changes to the 
mobility design.  The engine, power storage, suspension, drive train and tracks 
all remained largely constant, although each system has aggressive reliability 
growth strategies.  The M1 tank still uses an advanced gas turbine and the M2 
Bradley a turbo diesel.  Therefore systems engineering decisions made early in 
those programs are still with us today and the reliability of these systems is only 
improved incrementally. 

1.4 Research Objectives 
• Primary.  Examine the relationship between reliability and 

O&S cost.  Does a “knee in the curve” exist where further improvements in 
technology reliability do not continue to provide incremental cost savings?   

• Secondary.  Examine how system dynamics modeling 
techniques might be employed to understand this problem.   

1.5 Document Organization 
This document is divided into 5 sections.  Section 1 (Introduction), describes the 
problem and its background, discusses how the problem is scoped, and identifies 
the objectives of this research and how it will contribute to the field.  Section 2 
(Literature Review) describes the status of the fields involved in this research 
(Reliability, Life Cycle Cost Analysis, Vehicle Design, and System Dynamics).  
Section 3 (Problem Analysis) describes the basics of the modeling process, 
articulates how this problem is detailed for analysis, and explains the model we 
developed.  Section 4 (Problem Resolution) details how the model is executed, 
describes the modeling results, describes how sensitivity analysis is performed, 
and how the model is verified and validated.  Finally, Section 5 (Conclusions) 
interprets the results of this analysis for system and technology developers and 
identifies areas for further research or extension of this work.  
 

2.0 Literature Review 
Broken into four sections (Reliability Analysis, Life Cycle Cost Estimation, 
Vehicle Propulsion and Design, and System Dynamics), this review of the 
literature shows that each of these fields are relatively mature in content and 
theory.  

2.1 Reliability Analysis and Estimation Theory 
Originating in the aircraft industry, the study of reliability has progressed over 
the past 60 years into what many now consider a stand-alone engineering 
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discipline called reliability engineering.24  Most engineers consider reliability 
within the larger context of RAM (Reliability, Availability, and Maintainability).   
Since its conception 60 years ago, the study of reliability has continued in 
academic, industrial, and government/military forums.   

2.1.1 Reliability Analysis Maturity in Academic Forums   
The academic community annually conducts considerable research into 
reliability analysis and estimation.  Reliability is not only taught in systems 
engineering courses, reliability is often the subject of entire courses or even series 
of courses at the graduate level.  Blanchard and Fabrycky devote an entire 
chapter of their famous text “Systems Engineering and Analysis” to reliability, 
followed by another chapter on the related topic of maintainability.25  Other 
academic textbooks focus exclusively and exhaustively on the topic of reliability, 
of which Rausand and Hoyland’s “System Reliability Theory: Models, Statistical 
Methods, and Applications” is an excellent example.  With textbooks as a 
foundation, the academic community annually conducts extensive research into 
reliability and its related fields.  Dey and Jaisingh described techniques for 
estimating system reliability by focusing on independent components based on 
random samples from the Weibull distribution, and showed improvement upon 
the traditional MVUE (Minimum Variance Unbiased Estimator).26  Marseguerra 
et al from the Polytechnic of Milan proposed a reliability modeling approach 
using Neural Networks to predict automobile reliability problems.27  Their 
approach has since been applied with positive results at the Italian Fiat car 
company.  Dunyak, Saad, and Wunsch applied fuzzy probability theory to fault 
tree analysis allowing for a more complete analysis of system reliability.28  
Nachtmann and Chimka at the University of Arkansas applied also fuzzy set 
theory to generalized reliability prediction and found general success in 
predicting reliability early in the design process.29  Virginia Tech, Kothari et al 
conducted an “Assessment of Dynamic Maintenance Management” on the topic 
of maintainability, closely related to reliability.30  Kothari found that frequent 

                                                 
24 Rausand, Marvin and Arnljot Hoyland.  2004.  System Reliability Theory: Models, Statistical 
Methods, and Applications. Hoboken, NJ: John Wiley and Sons, Inc. p1.  
25 Blanchard and Fabrycky, p345.  
26 Dey D.K. and L.R. Jaisingh “Estimation of System Reliability for Independent Series 
Components with Weibull Life Distributions.” IEEE Transactions on Reliability 37, no. 4 (1988): 
401-405. 
27 Marseguerra M. et al, “Predicting Reliability Using Neural Networks.” Annual Proceedings of the 
IEEE Reliability and Maintainability Symposium. (2003): 196-201.  
28 Dunyak J, I.W. Saad, and D. Wunsch “A Theory of Independent Fuzzy Probability for System 
Reliability.” IEEE Transactions on Fuzzy Systems 7, no. 2 (1999): 286-294. 
29 Nachtmann H. and J.R. Chimka “Fuzzy Reliability in Conceptual Design.” Annual Proceedings of 
the IEEE Reliability and Maintainability Symposium. (2003): 360-364. 
30 Kothari Vishal. “Assessment of Dynamic Maintenance Management.” Master’s Thesis, Virginia 
Tech, 2004. 
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preventative maintenance did not necessarily improve system performance.  The 
most pertinent advances in reliability estimation come from Ormon, Cassady, 
and Greenwood in developing a reliability prediction model to support early 
design activities.  Ormon developed a generalized simulation tool focused on the 
early stages of design that adjusts system procurement cost based on average 
system operation cost.31 

2.1.2 Reliability Analysis Maturity in the Commercial and 
Industrial Community  

While academic forums annually conduct considerable research into reliability as 
a discipline, the commercial and industrial sector puts this research into action.  
This sector has created dedicated professional forums for the advancement of 
techniques, knowledge and application of reliability analysis, estimation, and 
engineering. Most notable of these is the “IEEE Transactions on Reliability,” the 
“IEEE Annual Reliability and Maintainability Symposium,” as well as the 
technical journals “Reliability Engineering” and “Microelectronics and 
Reliability.”  For commercial vendors and their cost-driven customers, reliability 
is a top concern.  Therefore, reliability and design technical maturity tends to 
rank higher among commercial designers than military designers.32  While valid 
(or invalid) reasons may exist for this trend, it remains nonetheless.  Nelson 
describes in his paper “Mechanical Reliability Prediction,” the barriers to 
predicting the reliability of mechanical systems, which he largely attributes to the 
infeasibility and a lack of data.33  Kraniak and Ammons, in their paper “Linking 
the Future to the Past: Closing the Loop between Yesterday’s Failures and 
Tommorow’s Solutions,” examine the high cost of unreliability and how to apply 
design assurance techniques such as Reliability and Maintainability prediction 
and  Failure Mode and Effects Analysis to the product development process.34  
As one might expect, the commercial world has developed powerful software 
tools, such as ReliaSoft’s BlockSim6 and the Relex Software Company’s Relex 
Software to enable reliability engineering in the design process.  Reliability and 
mission assurance has become important enough in the commercial world that a 
branch of systems engineering aptly called “High Assurance Systems 
Engineering,” has been proposed, along with attendant analytical processes by 

                                                 
31 Ormon, S.W., C.R. Cassady, and A.G. Greenwood. “Reliability Prediction Models to Support 
Conceptual Design.” IEEE Transactions on Reliability 51, no. 2 (2002): 151-157. 
32 GAO Report 99-162. “Better Management of Technology Can Improve Weapon System 
Outcomes.” 
33 Nelson J.J. “Mechanical-Reliability Prediction.” Proceedings of R&M in Computer-Aided 
Engineering Workshop (1988) 
34 Kraniak, Brian and Dan Ammons. “Linking the Future to the Past: Closing the Loop between 
Yesterday’s Failures and Tommorow’s Solutions.” IEEE Annual Proceedings on Reliability and 
Maintainability Symposium (2001): 103-109.  
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Perraju in 1999.35  Chang and Shaw discuss the modeling of failure rates that 
depend on system maintenance and age and propose new techniques for 
modeling that treat availability as a random variable.36   Not only does the 
commercial world examine reliability as a design discipline, the commercial 
world also focuses on how to test for reliability in production and fielding.  
Employees of the Chrysler Corporation, Allmen and Lu use the notion of testing 
for vehicle reliability using non-conforming conditions per 100 (C/100) to 
demonstrate that designs will meet user demands.37  Kraniak and Ammons 
discussed the use of field service personnel in reliability tracking.38  Gedam and 
Beaudet from the Motorola Satellite Communications Group embedded 
functional reliability block diagrams into MS Excel spreadsheets to estimate the 
reliability of complex satellite systems.39 
 
 The commercial world also routinely produces tips, techniques and 
procedures that recommend approaches to increase reliability.  Wheaton 
summarizes some of these ideas in the article “From Here to Reliability.” 
Wheaton proposes methods to reduce breakdown maintenance using predictive 
and preventative maintenance in what he terms an evolutionary path to more 
reliable systems.40  Finally, the commercial world has developed on line 
resources to educate the field and improve the reliability approaches in 
engineering.  One such website, www.weibull.com provides soft copies of text 
books, case studies, on line references and other on-line resources for reliability 
analysis professionals.   

2.1.3 Reliability Analysis Maturity in the Government and 
Defense Community   

Supported largely by commercial industry, the government and defense 
community also possesses a mature reliability analysis capability.  An entire 
series of Mil-Std (Military Standard) Handbooks exist with a fairly thorough 
treatment of the topic for military systems.  Foremost among these standards and 
handbooks for general reliability analysis is MIL-STD 217, “Reliability Prediction 
of Electronic Equipment,” MIL-HDBK-470a, “Designing and Developing 
Maintainable Products and Systems,” and MIL-STD 756b, “Reliability Modeling 

                                                 
35 Perraju, T.S. “Multi-Agent Architectures for High Assurance Systems” Proceedings of the 
American Control Conference, San Diego, California (1999): 3154-3157.  
36 Chan J.K. and L. Shaw. “Modeling Repairable Systems with Failure Rates that Depend on Age 
and Maintenance.” IEEE Transactions on Reliability 42, no. 4 (1993): 566-571.  
37 Allmen C.R. and M.W. Lu “Sample Size for Failure Detection and Reliability Demonstration.” 
IEEE Proceedings of the Annual Reliability and Maintainability Symposium (1993): 386-394.  
38 Kraniak and Ammons.  
39 Gedam S.G. and S.T. Beaudet “Monte Carlo Simulation using Excel Spreadsheets for Predicting 
Reliability of a Complex System.” IEEE Annual Proceedings of the Reliability and Maintainability 
Symposium (2000): 188-193.   
40 Wheaton, Rick. “From Here to Reliability.” IIE Solutions (February 1997): 32-41.  
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and Prediction.” MIL-STD 217 has historically had the greatest impact on 
reliability analysis because it was the first published by the US Government in 
the 1960’s and quickly became mandated for use in most government contracts.41  
The 756b standard defines the terms, models and techniques appropriate for 
modeling the reliability of military systems.42  The 470a handbook largely focuses 
on maintainability, but soundly relates reliability as a key enabler and critical 
component of maintainability.43  It traces the effects of reliability in system 
design and performance, as well describing topics such as Reliability Centered 
Maintenance (RCM) and reliability growth. The DoD also publishes Handbook 
3235.1-H describing the “Test and Evaluation of System Reliability, Availability 
and Maintainability.”  This handbook describes procedures used to verify that 
systems, once built, meet the reliability, availability and maintainability 
requirements set out for it in the requirements documentation.44   
 
 While top level RAM guidance and documentation is published at the 
DoD level, the Army has logically taken the lead for reliability analysis of ground 
vehicles (the subject of this research).  Chief among the Army agencies 
examining reliability is the Army Material Systems Analysis Activity (ASMAA).  
As a leading systems analysis organization, AMSAA is working on the reliability 
related topics of reliability growth, ultra-reliability, and the physics of failure.  
The 2000 AMSAA Reliability Growth Guide describes reliability growth as the 
“improvement of a reliability parameter over a period of time due to changes in 
product design or manufacturing process.”45  Reliability growth occurs as an 
incremental process that addresses reliability problems once they surface, and 
often (unfortunately) after a system is fielded.  Ultra-reliability is a relatively new 
concept resulting in changes to Army warfighting concepts that include systems 
that require no maintenance or support for a certain combat ‘pulse.’46  Physics of 
Failure is a modeling and simulation based approach to improving the reliability 
of programmed and existing systems by focusing on the dominant few failures of 
a given system.47    
 

                                                 
41 Denson, William.  “The History of Reliability Prediction.”  IEEE Transactions on Reliability 47, 
no. 3 (1988): 321-328. 
42 US Department of Defense.  MIL-STD 756b: Reliability Modeling and Prediction. Washington, 
D.C., 1981. 
43 US Department of Defense.  MIL-HDBK 470a: Designing and Developing Maintainable Products 
and Systems. Washington, D.C., 1997 
44 US Department of Defense.  DoD Handbook 3235.1-H: Test and Evaluation of System Reliability, 
Availability and Maintainability. Washington, D.C., 1982.  
45 US Department of Defense.  US Army Material and Systems Analysis Activity (AMSAA).  
Technical Report 652: Reliability Growth Guide Aberdeen Proving Ground, MD, 2000. p2. 
46 US Department of Defense.  US Army Material and Systems Analysis Activity (AMSAA). Ultra-
Reliability Whitepaper by Michael J. Cushing. Aberdeen Proving Ground, MD, Aug 12, 2003.  
47 AMSAA Ultra-Reliability Whitepaper. p2. 
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 While AMSAA conducts extensive research and analysis, other military 
government organizations are also examining the area of reliability.  The DoD 
established the Reliability Analysis Center (RAC) as an Information Analysis 
Center (IAC) in early 1970’s.48  The RAC is currently managed by a civilian firm: 
Alion Science.  Denson, an RAC staff member, notes that most of the current 
reliability theory and prediction is focused on the component level.  Denson 
explains that while the low reliability of components in the 1960’s and 1970’s 
probably justified this, the increased system complexity and far more reliable 
components being produced today no longer support this approach.49  Denson 
argues that today’s complex systems and higher quality components need a 
systems level approach, vice component level approach to reliability analysis.  
The US Army Logistics Management College developed the Combat Vehicle 
Reliability Assessment Simulation Model (CVRASM).50  Although not focused on 
Life Cycle Cost, CVRASM portrays the disposition of combat vehicles in short 
period combat operations, allowing the analyst to examine overall availability of 
the vehicle.  The United Kingdom’s DERA (Defense Evaluation and Research 
Agency) examined the use of Bayesian belief networks to predict the reliability of 
military vehicles.51  This effort used soft knowledge about the design and design 
teams to predict whether an effectively reliable design would be produced.   

2.2 Life Cycle Cost Estimation 
The DoD maintains mature and well tested Life Cycle Cost Estimation (LCCE) 
and tracking systems.  Although the DoD has experienced many problems in 
cost growth and accuracy, some which have been pointed out by GAO studies,52 
the organization as a whole possesses a mature and well documented approach 
to the problem.  Blanchard and Fabrycky define Life Cycle Cost as “all costs 
associated with the system as applied to the defined life cycle… [including] … 
research and development cost… production and construction cost… operation 
and support cost… [and] retirement and disposal cost…”53  The Defense 
Acquisition University’s (DAU) Defense Acquisition Guidebook (DAG) is the 
seminal reference used by DoD system managers to gain further clarity on DoD 
regulations as well as information on best practices in the field.  The DAG 
broadens the definition of Life Cycle Cost to include not only the direct costs of 
the acquisition program mentioned above, but also the indirect costs that are 
logically attributed to the program.  Additionally, the DAG makes a distinction 
                                                 
48 http://rac.alionscience.com/  
49 Denson, William. p323.  
50 Parker S.R. “Combat Vehicle Reliability Assessment Simulation Model.” Proceedings of the 1991 
Winter Simulation Conference (1991): 491-498.  
51 Neil, Martin et al “Using Bayesian Belief Networks to Predict the Reliability of Military 
Vehicles.” Computing and Control Engineering Journal. (February 2001): 11-20.  
52 GAO 03-57 “Setting Requirements Differently Could Reduce Weapon Systems Total 
Ownership Costs.” 2003.  
53 Blanchard and Fabrycky, p560.   
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between life cycle costs (described above) and total ownership cost. Total 
ownership cost consists of life cycle costs plus those infrastructure or business 
process costs not directly attributable to the program.54  The DAG also defines 
the related term of ‘affordability’ as “the degree to which the life cycle cost of an 
acquisition program is in consonance with the long-range modernization, force 
structure, and manpower plans of the individual DoD Components, as well as 
for the Department as a whole.”55  As a total, integrated defense system, the DoD 
considers all of these notions in its systematic approach to acquiring and 
managing defense systems.  
 
 Depending upon where the program is currently operating in the 
standard timeline, the DAG recommends different basic approaches for 
estimating life cycle costs.  These different approaches are parametric, analogy, 
engineering estimate, and actual costs.56  The parametric approach uses an 
equation in combination with other available data points to estimate unknown 
variables.  The analogy approach uses historical data from previous programs 
similar in certain key characteristics.  The engineering estimate decomposes costs 
for specific components as described by the system design.  Actual costs are 
computed using historical data from prototypes or the system itself, if fielded.  
Additionally, the DAG recommends the use of the Cost As an Independent 
Variable (CAIV) approach to ensure that cost requirements are put on an equal 
footing with performance and schedule decisions.57   
 
 In addition to the DAG, further LCCE guidance is elaborated by the Office 
of the Secretary of Defense (OSD) Cost Analysis Improvement Group’s (CAIG) 
Operating and Support Cost Estimating Guide.  Recognizing the dominance of 
O&S costs in the system life cycle cost, the DoD published this guidance to 
ensure consistent, effective and accurate estimation of O&S costs during the 
systems acquisition process to better inform key decision points.58   
 
 The DoD also funds academic organizations to perform research into 
affordability and life cycle costs.  Code 33 of the Office of Naval Research funded 
a five year effort by the Georgia Tech Aerospace Systems Design Laboratory 
(ASDL) to investigate affordability measurement and prediction.59  This 
investigation included applications of system dynamics and other approaches to 
affordability estimation of Naval programs.   
 

                                                 
54 Defense Acquisition Guidebook. p40-41. 
55 Defense Acquisition Guidebook. p46. 
56 Defense Acquisition Guidebook. p74. 
57 Defense Acquisition Guidebook. p51.  
58 OSD CAIG O&S Cost Estimating Guide. p1-1.  
59 http://www.asdl.gatech.edu/research_teams/onr.html  
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 A number of cost estimation models are also available to support LCCE. 
The US Navy’s Operating and Support Cost Analysis Model (OSCAM) uses 
system dynamics to assess the O&S costs of high cost systems expected to remain 
in the inventory for long time horizons.60  OSCAM has been used extensively on 
Naval aircraft and ships, but is limited in utility to ground systems.  The 
Operations Research Cost Analysis (ORCA) software is an Excel based tool 
currently in use by the Marine Corps that allows for rapid LCCE.61  Automated 
Cost Estimating Integrated Tools (ACEIT) is a family of software tools allowing 
program managers to estimate life cycle costs in all phases of a program.62  The 
FleetSight modeling tool from Decision Dynamics, Inc. uses system dynamics to 
estimate life cycle costs in trade off decisions between maintenance policies, 
economic and performance variables, and technology upgrades by tracing the 
long term holistic behavior induced by program decisions.63   

2.3 Armored Fighting Vehicle Propulsion and Design 

2.3.1 Traditional 
The engineering of armored vehicles and their propulsion/ mobility is perhaps 
the most mature of these topics.  Around since the First World War, armored 
vehicles have become a staple of modern armies, with their mechanical design 
continually increasing in sophistication.  The most descriptive literature source 
available for the design of armored fighting vehicles is the book “Fighting 
Vehicles,” by Terry et al.64  “Fighting Vehicles” clearly describes the design 
considerations and methodologies appropriate for the design of suitable and 
effective Armored Fighting Vehicles (AFV).  Extensive data and credible 
specifications for existing combat vehicles may be found in Janes “Armor and 
Artillery.”65   

2.3.2 Recent Advances in Vehicle Propulsion and Mobility  
While traditional considerations of AFV design have been around for some time 
and are comparatively well known, recent advances in alternative propulsion 
technologies such as hybrid electric and non-internal combustion (IC) engines 
are breaking long-held paradigms about how to propel AFVs on the battlefield.  
The DARPA Combat Hybrid Power Systems (CHPS) program investigated how 
hybrid electric technologies might provide motive power in addition to energy 

                                                 
60 http://www.oscamtools.com/Index.htm  
61 Booz Allen Hamilton Briefing: “Models, Simulations and Analytical Capabilities Applicable to 
Depot Operations and Weapon System Life Cycle Management.” Booz Allen Hamilton, McLean, 
VA, January 2004.  
62 http://www.aceit.com/  
63 http://www.decisiondynamics.com/ddiFSLifeCycle.asp  
64 Terry T.W. et al. 1991. Fighting Vehicles: Land Warfare: Brassey’s New Battlefield Weapons Systems 
and Technology Series vol 7. London: Brassey’s.  
65 Foss C.J., ed. 2002. Janes Armor and Artillery 2002-2003.  Surrey, UK: Janes Information Group. 
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for virtually all of the systems aboard an AFV.66  Moreover, three hybrid electric 
vehicles are being studied by the US Army: the Bradley Infantry Fighting 
Vehicle, the Family of Medium Tactical Vehicles (FMTV), and the HMMWV.67  A 
prototype hybrid electric HMMWV has actually been constructed and initial 
testing shows tremendous performance improvements in the prototype hybrid 
electric HMMWV over its existing counterpart.68  If the technological challenges 
can be overcome, hybrid electric power may enable many of the performance 
and capability improvements desired by today’s military planners.  

2.4 System Dynamics 
While observed every day in the nature and behavior of ordinary life, a thorough 
understanding of complex systems remains an elusive target for academia, 
industry and the government.  Complexity can manifest itself in human and 
natural systems through detail (combinatorial) or interactive (dynamic) means.69  
Detail complexity exists in systems with many different components that can be 
combined in various ways.  Dynamic complexity exists, even in systems with few 
individual components, due to the interactions and relationships between those 
components.  Dynamic behavior arises within complex systems because they 
tend to be tightly interdependent, governed by feedback loops, highly non-linear 
in their component relationships, and adaptive (resistant) to change.70  ‘Systems 
thinking’ is an approach which views a system from a holistic view where the 
constituent parts are all interconnected such that one cannot alter one portion of 
the system without affecting the whole.   
 
System Dynamics is a methodology to understand the dynamics of a complex 
system and therefore design better methods of interaction within and from 
without the system.  System dynamics remains a growing field with continued 
interest in academic, industry, and governmental forums.  Within the growing 
field of system dynamics, a peer reviewed technical journal, “System Dynamics 
Review,” is available.  Three distinct software manufacturers have developed 
specific packages (Vensim, PowerSim, & STELLA/iThink) which are available 
for academic and professional use.  Finally, various System Dynamics forums 
exist in both professional and ‘not-for profit’ circles.   
 
                                                 
66 US Department of Defense. Defense Advanced Research Projects Agency (DARPA).  Hybrid 
Power – An Enabling Technology For Future Combat Systems by Marilyn Freeman Arlington, VA, no 
date.   
67 Fortin J.G., S.B. Luckhurst and C.B. Boyle. “Hybrid Electric Vehicle: Application in an 
Armoured Fighting Vehicle.” Course Project, Department of Applied Military Science. Royal 
Military College of Canada, May 2000.  
68 Fortin et al. p5.  
69 Sterman, John. 2000. Business Dynamics: Systems Thinking and Modeling for a Complex World. 
Boston: McGraw-Hill. p21. 
70 Sterman, p22.  
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Several leaders in the field of system dynamics include Forrester, Sterman, 
Senge, and Richmond.  Jay W. Forrester published his seminal works “Industrial 
Dynamics” in 1961 followed by “Urban Dynamics” in 1969.  Both soon became 
catalysts in the field spurring further research.  In 1990, Peter Senge published 
his book, “The Fifth Discipline,” which continued the popularization of the field 
of system dynamics and specifically applied it to learning in human 
organizations.  John Sterman published in 2000 his text “Business Dynamics” 
along with his continuing work in the field of system dynamics at the 
Massachusetts Institute of Technology (MIT) school of business.  Barry 
Richmond published several works on systems thinking.71 72 
 
We can consider this MEFFV problem as a complex system problem (and 
therefore examine it through a systems dynamics lens) because we cannot 
examine the reliability of any given technology design without also examining its 
ripples throughout the system into which MEFFV is embedded.  Additionally, 
we note the prevalence of System Dynamics modeling tools in the commercial 
world of cost estimating.   
 

2.4.1 System Structure Drives Behavior 

Feedback 
Feedback is the process in which part of the output of an activity is returned to 
affect that activity’s own predecessor input activities, thereby affecting the 
original activity.   All dynamics within a system come from self-reinforcing 
(positive feedback) loops, and self correcting or balancing (negative feedback) 
loops.73  Feedback is generally illustrated as directed arcs between variables with 
an assigned polarity indicating the nature of each arc (feedback loop).  The arc in 
the feedback illustrates a causal link between variables.  The polarity determines 
how a change in one variable will affect the state of other variables related to it.  
Positive polarity means that a change in the source affects the related variable in 
a similar direction (increase in the originating variable causes an increase in the 
subsequent variable, or vice versa) from what it otherwise would have been.  
Negative polarity means that a change in one direction by the originating 
variable causes an opposite change in subsequent variables (increases in the 
originating beget decreases in subsequent variables, or vice versa) from what it 
otherwise would have been.  For our purposes, we will always draw self-

                                                 
71 Richmond, Barry. “Systems Thinking: Critical Skills for the 1990’s and Beyond.” System 
Dynamics Review 9, (1993): 113-133.  
72 Richmond, Barry (2000) The ‘Thinking’ in Systems Thinking: Seven Essential Skills, Pegasus 
Communications Inc. Waltham, MA. 
73 Sterman, p12. 
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reinforcing feedback relationships as blue arcs and self-correcting relationships 
as red arcs.  
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Figure 2-1 Feedback Loop Descriptions & Notation 74 

 
Positive feedback loops are self reinforcing, meaning that the outputs of a 
system’s activity lead to increased activity of that system.  In common parlance, 
this is the ‘snowball rolling down hill’ effect.  If left alone in an isolated system, 
positive feedback results in exponential growth.   Positive feedback does not 
always generate growth, it can also generate a “self-reinforcing decline.75”  
Figure 2-2 below illustrates a positive feedback (reinforcing) loop in action where 
the number of people born per month is affected by the population size.  The 
population size is then, in turn, affected by the number of births per year.   

                                                 
74 Adapted from Sterman, p138.  
75 Sterman, p109. 
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Figure 2-2 Positive Feedback 

 
 
Where positive feedback loops are reinforcing, negative feedback loops are self-
correcting or balancing, meaning that their effect is to counterbalance the original 
change in stimulus or status quo.  Negative loops generally lead to system 
stability or equilibrium and resistance to change.   Figure 2-3 below illustrates a 
negative feedback (balancing) loop in action where the number of deaths per 
month is affected by the population size, which is in turn affected by the number 
of deaths per month.   
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Figure 2-3 Negative Feedback 

 

Resistance 
The resistance of a system describes its resiliency to changes.  Resistance to 
change exists in natural and human societal systems.  Consider the ecosystem of 
plants and plant eaters.  An especially abundant year of plant growth causes an 
increase in plant eaters who in turn eat more plants.  After a change in the 
ecosystem, it is driven back towards its initial conditions by resistance built into 
its structure.  While examples of resistance in the natural world involves far more 
complexity than described here, it’s clear that resistance is built into each system 
and ultimately responsible for forces that tend to push many systems back 
towards natural equilibrium points.  Shown below as Figure 2-4, Sterman 
graphically illustrates the nature of resistance by showing how the ‘actions’ are 
motivated by ‘goals’ and affect the ‘environment.’  However, actions also create 
‘side effects’ which also affect the environment as well as the goals of other actors 
and the actions of these other actors.76  

                                                 
76 Sterman, p11.  
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Figure 2-4 Resistance 77 

Delays 
Delays occur in nearly all systems we see everyday.  Many delays are caused by 
human decision making processes, while others are built into the system itself.  
Simply, a delay is a lag in response between an input stimulus and its output 
response.  Delays manifest themselves by creating lags in response, oscillation 
within system states, and general instability.  Delays may occur as material 
delays or information delays.   A common example of a material delay is the 

accumulation of letters at various parts in the 
US Postal Service as it executes is receipt and 
delivery functions.  While not the original 
intent of his diagram, an example of an 
information delay is illustrated by Peter 
Senge in Figure 2-5 where the lag between 
our perception of the current water level and 
our ability to alter the flow of water through 
the faucet sometimes causes us to overfill the 
glass with water.   
 

Figure 2-5 Information Delays 78 

                                                 
77 Adapted from figure 1-4, Sterman, p11. 
78 Senge, Peter M. 1990. The Fifth Discipline. New York: Bantam Doubleday (1990). Figure 2-5 of 
this text is reproduced from Senge’s original picture on p75 of his book.  



 25

 

Structure Drives Behavior 
In general, systems are comprised of multiple types of feedback loop processes 
(negative and positive), many with delays, the total interacting effect of which is 
what determines system behavior.  Sterman writes that “the behavior of a system 
arises from its structure.  That structure consists of feedback loops, stocks and 
flows, and nonlinearities created by the interaction of the physical and 
institutional structure of the system…” 79  
 
Despite the fact that we can often model the general nature of interacting 
variables, stock and flows, and feedback loops, the behavior of simple systems is 
often beyond the ability of most humans to understand without assistance.  This 
problem arises because of the highly non-linear behavior we observe between 
interacting components, delays embedded in those interactions, from the 
complexity of feedback loops, and often from our own inability to recognize 
where loops even exist.  Moreover, many systems are resistant (resilient) to 
change, and when changed, the environment often produces unintended side 
effects which in turn drive new dynamics within the system.  These 
characteristics do not bode well for intervening within complex systems without 
a thorough understanding of the complete system.  One needs to look no farther 
than historical interventions by humans into natural systems to see the often 
unintended effects of intervention into complex systems.   For example, the 
kudzu plant was introduced by the federal government as a forage crop and to 
help reduce erosion.  Now referred to as the “bane of the south,” its speed of 
growth and its ability to completely block out sunlight to native plants beneath it 
caused the plant to quickly take over entire ecosystems and is now slowly 
spreading its way across the United States.80  Kudzu is an example of well 
meaning intervention within a complex system with disastrous effects.   
 

2.4.2 Fundamental Modes of Dynamic System Behavior 
Sterman identifies that three primary modes of behavior are exhibited by 
complex systems: Exponential Growth, Goal Seeking, and Oscillation.81   

Exponential Growth 
Exponential growth is caused by positive feedback.  Examples of exponential 
growth include the population example (discussed above) and compounding 
interest.  Left unchecked, exponential growth can lead to system catastrophe.  

                                                 
79 Sterman, p107.  
80 Further information on human caused invasive species available at 
www.invasivespeciesinfo.gov, this example from https://www.denix.osd.mil.  
81 Sterman, p133. 
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Goal Seeking 
Where exponential growth is caused by positive feedback loops, goal seeking 
behavior is driven by negative feedback loops which act to balance a system 
towards stability.  Negative feedback is the primary driver of resistance 
(resiliency) in systems where the structure drives behavior back towards a ‘goal 
state’ after a perturbation.   The key aspect of goal seeking behavior is a process 
which compares the current state of the system to a desired state and then takes 
corrective action to return the system towards the desired state.82  Sterman also 
points out that the ‘goals’ of most systems are not zero, and therefore should be 
explicit in the model.83   
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Figure 2-6 Goal Seeking Behavior 

Oscillation 
The third type of fundamental mode of behavior Sterman identifies is called 
oscillation, which like ‘goal-seeking’ includes negative feedback.  Oscillation, 
however, also includes one or more delays.  These two defining structural 
attributes (negative feedback and delay) drive the oscillating behavior of 
overshooting around a goal state.  Figure 2-7 below models the oscillation of a 
pendulum around a resting state (discounting the impact of friction on the 
movement of the pendulum).   

                                                 
82 Sterman, page 111.  
83 Sterman, page 276 
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Figure 2-7 Oscillating System Behavior 84 
 

2.4.3 Interactions of the Fundamental Modes in Behavior 
Interactions of the fundamental modes (positive feedback, negative feedback, 
and time delays) within a system cause even greater nonlinear complexity in 
system behavior, such as S-Shaped Growth, S-Shaped Growth with Oscillation, 
and Overshoot with Collapse.   

S-Shaped Growth 
S-Shaped Growth can occur in natural and human systems where a carrying 
capacity is involved.  A carrying capacity is the quantification of the sustainable 
level of resource consumption with regard to the state of the population (in the 
example below, the population of the rabbits).  Growth first begins according to 
the dominant positive feedback loop, resulting in exponential growth for a short 
time, until an equilibrium point is reached, at which time the negative feedback 
loop balances the growth until the state of the system approaches the carrying 
capacity.  Once at the carrying capacity, the system regains equilibrium.  To 
observe S-Shaped growth, the beginning population (or state of the system) must 
be small compared to the carrying capacity.  Second, no delays can exist within 

                                                 
84 This example adapted from the VENSIM PLE Tutorial (this thesis uses the VENSIM software) 
in describing oscillation of a pendulum in an ideal physical environment (no friction).  
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the balancing loop (negative feedback loop) that would prevent a smooth 
approach to the carrying capacity.  A delay would cause overshoot and 
oscillation around the carrying capacity.  Finally, the carry capacity must not 
vary or decline.  

System Structure

As Modeled (in a Rabbit Population)…

Generates…

S-Shaped Growth
Dynamic System Behavior

Rabbit
PopulationBirths Deaths

Birth Rate

Average LifetimeEffect of Rabbit
Crowding on DeathsCarrying Capacity

Rabbit Population
3,678

3,008

2,339

1,669

1,000
0 10 20 30 40 50 60 70 80 90

Time (Month)

Rabbit Population : Current rabitt

State of the
SystemNet

Increase
Rate

Resource
Adequacy

Carrying
Capacity.

Fractional Net
Increase Rate

-

+

+

+

+

+

R

B

 
Figure 2-8 S-Shaped Growth Behavior 

 

S-Shaped Growth with Overshoot 
When delays exist within the S-Shaped Growth structure, the systems behavior 
will not approach the carrying capacity smoothly, as seen above.  Rather it will 
overshoot the carrying capacity and then oscillate around it.  
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Figure 2-9 S-Shaped Growth with Overshoot 85 

Overshoot and Collapse 
Overshoot and collapse is a special case of the “S-Shaped Growth with 
Overshoot” case that occurs when the carrying capacity is not fixed, but instead 
the carrying capacity is non-renewable.  An example is the boom and bust cycle 
that we observe in the petroleum industry.  Because the oil in the ground is 
finite, the carrying capacity of the system is diminished as more oil is extracted.   

                                                 
85 The Vensim Model and accompanying behavior graph were generated by exercising the 
preloaded model “CORPGRWTH.MDL” which came as part of the VENSIM DSS 5.4b software.  
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Figure 2-10 Overshoot and Collapse System Behavior 86 

 

Stasis, Equilibrium, and Chaos 
While the three fundamental modes along with their primary modes of 
interaction describe many types of system behavior, others exist.  Systems exist 
in stasis or equilibrium when the change processes are either imperceptibly slow, 
or because the processes which might change the system are opposite in 
direction and equal in magnitude. Chaos may exist in a system where changes in 
local conditions (which are sometimes not included in the original model or 
sometimes not understood to exist) cause disproportionate and sometimes 
unpredictable changes in the larger system behavior.87   

2.4.4 Modeling System Structure and Behavior  

Mental Models 
A mental model is an individual’s internal representation of how a system’s 
structural, behavioral and causational structures.  Senge writes that “mental 
models are deeply ingrained assumptions, generalizations, or even pictures or 

                                                 
86 Figure adapted from Sterman, 123.  Model of Oil Industry created using (as a departure point) 
the SIR model which was included on the Vensim simulation model CD.   
87 Sterman, page 127-132.  
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images that influence how we understand the world and how we take action.” 88  
Therefore, each person’s mental model will be different from every other person.  
While we often start with mental models (which can often be dramatically 
incorrect), system dynamics provides a framework for moving beyond these 
basic thought patterns towards an approach that can be quantified, verified and 
reproduced, allowing us to better understand and interact with the system in 
question.    

Causal Loop Diagrams 
Causal Loop Diagrams are a technique used in capturing and communicating the 
structure of a system under study in terms of its feedback loops, key variables, 
delays and causational structure.  They use mental models and other information 
about the system to document our initial hypotheses and judgment about which 
variables in the system exhibit causational links and the feedback structures 
between them.  The prior section describing feedback loops contained a 
description of notation used in causal loop diagrams, and each of the figures (2-1 
through 2-10 above) described how causal loops helped capture the structure of 
systems, which in turn generated dynamic behavior.  While causal loop 
diagrams are powerful tools in capturing interdependence and feedback, their 
lack of quantitative basis diminishes their usefulness once past the initial 
problem definition stages of analysis.  Sterman89 and Richardson90 point out that 
the most important limitation of causal loop diagrams is their inability to 
describe the accumulation and flow of materials, information and other variables 
within the system, and therefore the dynamics of the system.   
 

Stock and Flow Diagrams 
Stock and flow diagrams are quantitative extensions of causal loop diagrams that 
focus on the physical and informational structure of systems.  Stocks are 
accumulations within the system (materials, information, etc).  They characterize 
the state of the system, provide the inertia within a system, and store its 
accumulated memory of previous activity.  Their accumulating nature is 
responsible for any delays within the system; system delays are not possible 
without one or more stock within its structure.   Flows regulate the input and 
output of accumulation within the stock.  More specifically, flows represent the 
rate of increase or decrease in stocks.  Mathematically, stocks are described using 
integral calculus, and flows using differential calculus.  Therefore, the value of a 
stock at any given time is its inflows minus its outflows, plus the previous level 
of the stock.  A simple bathtub metaphor best illustrates stock and flow structure 

                                                 
88 Senge, p.8 
89 Sterman, p191 
90 Richardson, George. “Problems with Causal Loop Diagrams.” System Dynamics Review 2, 
(1986): 158-170. 



 32

(see figure below).  The notation for stock and flow diagrams includes the 
notation explained for causal loop diagrams, but adds sources, sinks, rate 
variables, and stocks.   
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Figure 2-11 Bathtub Metaphor with Stock and Flow Diagram Notation 91 
 

3.0 Problem Analysis 
Section 2 described the current state of knowledge in several key aspects relating 
to our problem.  Section 3 (Problem Analysis) describes our efforts at 
constructing a modeling framework to advance our understanding of the 
problem and to quantifiably test our predictions based upon our hypotheses.   

3.1 Models, Simulations, and the Modeling Process 

3.1.1 What are Models and Simulations? 
Problem analysis often begins with the abstract, logical, and qualitative process 
of identifying the central aspects of the problem to be resolved.  Analysis and 
resolution of the problem, however, usually turns from qualitative issues to 
quantitative ones.  Models are often used in this quantitative analysis process in 
problem resolution.  Buede defines models as an abstract, incomplete 
representation of reality whose essence is to reliably answer questions for us 

                                                 
91 Figure adapted from Sterman, page 194. 
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about that reality.92  The tension between the accuracy of the model’s 
representation of reality and its tractable complexity must be carefully balanced 
by the modeler to ensure that the model is realistic, yet solvable.  Rausand and 
Hoyland sum up this tension with the following competing concerns:93  

• “The model should be sufficiently simple to be handled by 
available mathematical and statistical methods.”  

• “The model should be sufficiently ‘realistic’ such that the 
deducted results are of practical relevance.”  

 
Understanding that we must balance the realism and practicality of the models 
we develop logically infers that no model can ever be absolutely correct.  Models 
are correct and applicable only to the extent that the user (or decision maker) is 
confident that the model is verifiable and valid (refer to Section 4.3 Verification 
and Validation).  In this analysis, we define models and simulations using the 
DoD approved definition:94  
 

• A model is a physical, mathematical or logical 
representation of a system, entity, phenomenon, or process. 
There is no movement in a model. Think of a plastic replica 
of an airplane or a car, or a mathematical equation that 
predicts the probability of an event occurring. These are 
examples of models.  

• A simulation is the implementation of a model over time. 
It shows how the model works. It is a technique used for 
testing, analysis, or training, where a model can represent 
“real world” systems or concepts. A simulation moves. You 
can see the model(s) in the simulation moving—whether it 
shows military units moving across a battlefield or engine 
parts moving in a simulated car engine. 

 

3.1.2 How do we Create Models?  
Sterman describes five steps to the modeling process, which we follow as a 
framework in the development and execution of this analysis.95   
 

1. Problem Articulation (Boundary Selection) 
2. Formulation of a Dynamic Hypothesis 

                                                 
92 Buede, p60.  
93 Rausand and Hoyland, p12.  
94 US Department of Defense. Modeling and Simulation Information Analysis Center (MSIAC). 
Modeling and Simulation Primer. Washington, D.C., p1. Available at the DoD Defense Modeling 
and Simulation Office (DMSO) M&S University Website: http://www.education.dmso.mil  
95 Sterman, p86 
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3. Formulation of a Simulation Model 
4. Testing 
5. Policy Formulation and Evaluation 
 

However, while steps exist, modeling is not a mechanical process.  Sterman notes 
that modeling is a learning process, and therefore iterative because the results of 
any one step cause us to revise earlier steps in accordance with the newly 
discovered information.96   
 

3.2 Problem Articulation 

3.2.1 Problem Definition & Refinement 

Discussion 
Problem definition is critical to reaching a solution and focuses the purpose of 
the model to be built.  An ill-defined problem may lead to impractical, un-useful 
or even unsolvable models, making the answers they provide irrelevant.  
Sterman notes that “the art of model building is knowing what to cut out, and 
the purpose of the model acts as the logical knife.”97   

Application and Refinement  
We defined our problem in Section 1.2 (Problem Statement), with Section 1.3 
(Scope) serving as our logical knife and Section 1.1 (Background) providing the 
context of the problem and a case study (MEFFV) to consider.  Our problem 
statement asks us to consider:  
 

For DoD system and technology developers early in 
development process, “how reliable, is reliable enough in 
terms of cost” when determining which technologies to 
include in the conceptual design of armored vehicles?  
Where do we observe diminishing cost savings as we force 
greater reliability into the design of new technologies?   

 
With the problem statement focused on the reliability and life cycle cost of 
armored fighting vehicles, our scope (Section 1.3) focused the problem into the 
area of mobility.  The MEFFV case study allows further refinement of the 
problem for analysis.  A brief requirements development and analysis activity 
proposes the following requirements be levied upon the system.  These 
requirements are derived using the LAV-25 data available at Jane’s Defense98 as a 

                                                 
96 Sterman, p83.  
97 Sterman, p89.  
98 www.janes.com 
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starting point, along with the author’s knowledge of potential USMC 
requirements in light of the USMC Expeditionary Maneuver Warfare concept.   
 

Table 3-1 Top Level Estimated Requirements for MEFFV Case Study 
Armored Vehicle Capability Description Threshold 
Climb a vertical step in forward & reverse 0.5m 
Climb or descend slopes in forward & reverse, dry pavement 60% slope 
Traverse slopes on dry pavement 30% slope 
Cross trench and gaps 1.5m gap 
Ford water obstacles 1m depth 
Execute 360º turn Pivot or 1.5 

vehicle lengths 
Travel cross country at sustained speeds 50kph 
Travel flat, hard surface roads at sustained speeds 90kph 
Brake from 35kph – 0kph < 10m 
Accelerate 0-50kph on flat, hard surface road 8 seconds 
Travel long distances at sustained speed (90kph) 600km 
Remain stationary, silent, at full operating capability 8 hours 
Travel cross country silently at full operating capability  2 hours @ 30kph 
 
With regard to armored fighting vehicle mobility, the top-level system function 
is to “Maneuver Across the Battlespace.”  A simple functional decomposition 
and simple requirements allocation are shown below.   
 



 36

Move over 
Terrain

Negotiate 
Obstacles

Manage 
Energy

Control 
Speed

Control 
Power

Control 
Directn

Transform 
Energy

Store 
Energy

Control 
Energy

Deliver 
Energy

Maneuver Across the 
Battlespace

Negotiate 
Slopes

Cross 
Gaps

Climb 
Obstacles

Dampen 
Terrain

Deliver & Distribute Mechanical -

Deliver & Distribute Electrical -

- Accelerate

- Brake

- Travel Forward

- Travel Reverse

- Change Direction

Transform Mechanical to Electric -

Transform Electric to Mechanical -

Transform Kinetic to Electric -

Cool System -

Switching Power Sources -

Invert / Convert Electrical Power -

Remove Exhaust -

Store Electrical Energy -

Store Chemical Energy (Fuel) -

 
Figure 3-1 Simple MEFFV Functional Decomposition for MEFFV Case Study 
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Figure 3-2 Simple Requirements Allocation for MEFFV Case Study 

 
Having examined the requirements and functions needed in our MEFFV case 
study, we can develop a generic physical architecture for MEFFV and use that as 
the basis for model subsystem development in section 3.3.2.  (Refer to Figure 3-6). 
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Figure 3-3 Generic Physical Architecture for MEFFV Case Study 

 

Degradation, faults, and failures 
Rausand and Hoyland present a useful approach to understanding the difference 
between failures, degradations, faults, and normal system performance.  In 
subsequent discussions, we will employ these definitions in our MEFFV case 
study.99   

                                                 
99 Rausand and Hoyland, figure 3.9, page 84.   
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Figure 3-4 Illustrating the difference between Failures, Faults and Degradation100 

 

3.2.2 Key Variable Definition 
Actual Operational Load:  Operational Load is measured as the number of miles 
driven per vehicle per time period.  The military typically uses this number to 
determine maintenance schedules, track useful remaining operational life and to 
track O&S costs.   
Observed Failure Rate:  The failure rate variable measures how often 
components are failing per time period based upon given an operational load 
and the components individual inherent failure rate.  
Total Failures:  Components tend to fail either suddenly and completely 
(catastrophically), or gradually over extended times through wear and tear 
(degradation).101  Catastrophic and degradation failures may also 
sympathetically ‘induce’ other failures in components which may not have failed 
by themselves.  This variable measures the current total number of failures 
(catastrophic, degradation, and induced) requiring maintenance action.   
Fractional O&S Cost:  As components fail, the maintenance organizations are 
energized to repair or replace the component, introducing personnel, parts, and 
facilities related costs.  This variable measures the total cost of maintenance in 
dollars as caused by the failures of a single component and accumulated in the 
maintenance system.  This variable is not discounted for inflation.   
Cost Per Mile:   The DoD aligns budgets based on the cost per mile to operate 
the system.  This variable measures the maintenance cost per vehicle per mile 
driven.   

3.2.3 Reference Modes 

                                                 
100 This diagram is adapted from Rausand and Hoyland, figure 3.9, page 84.   
101 Rausand and Hoyland, figure 3.10, page 86, definitions for catastrophic and degradation 
failures from page 85.    
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Discussion 
Reference modes describe the dynamic behavior of the system over time 
according to its key variables.  Reference mode diagrams are drawn intuitively 
based upon our mental model of the system and how the key variables interact 
over the time horizon in question.   

Application  
The below diagram describes the reference modes for the key variables of this 
problem and illustrates their interaction.  The operational load (measured in 
miles) tends to occur over short durations as Marine units conduct field 
exercises, deploy to operational theaters, etc.  The time between those exercises 
and operations tend to not accrue any operational load as vehicles are left in 
motorpools, undergo periodic maintenance, and the units refit or recover in 
preparation for future operations & exercises.  The failure rate tends to build up 
over exercises and operations as the vehicles are employed, degradation occurs 
due to wear and tear, etc.  Once the operational cycle is complete, however, the 
failure rate drops precipitously (near vertically) as vehicles are returned to the 
motorpool between exercises (no spontaneous motorpool failures).  The total 
number of failures rises as the failure rate rises, but does not drop as 
precipitously, because the failures are individually corrected during post 
operations maintenance and recovery.  The cost per mile oscillates around an 
equilibrium (average cost per mile) as a moving average that accounts for 
increasing expenditures to correct accruing failures, and decreasing expenditures 
to account for the correction of failures faster than they accrue.  Total cost due to 
maintenance increases in step wise manner with miniature s-shaped growth 
patterns between each step plateau.   
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Operation or 
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Operation or 
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Operation or 
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Figure 3-5 Reference Modes for the MEFFV Case Study 
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3.2.4 Time Horizon 

Discussion 
The time horizon determines how long we will model the system in terms of 
model time steps.  Choosing a correct time horizon is essential for understanding 
the long term dynamics of a system and how the key variables of a system 
interact.   Generally, a longer time horizon is advisable to ensure that the effects 
of applicable delays within the system are accounted for.  Sterman suggests 
choosing a time horizon at least several times as long as the longest delay within 
the system.102   

Application  
The OSD CAIG O&S Cost Estimating Guide directs that the operating life for 
combat vehicles shall be estimated (for cost analysis purposes) at 20 years.103  
Therefore, our analysis shall begin with this time horizon of 20 years.  However, 
in execution of the model we shall use a primary time step of days because units 
tend to execute field problems and other exercises with days at near whole 
number intervals.  Therefore, we’ll use a time horizon of 7300 days (20 years).   
 

3.3 Dynamic Hypothesis Development 
A dynamic hypothesis is a working theory of how a problem arose within the 
system and how the system’s behavior is affected by its key variables.104  We 
refer to it as ‘dynamic’ because the iterative nature of model development 
naturally infers that our working theories will change as more is learned about 
the system through observation and analysis during the modeling process.   

3.3.1 Dynamic Hypothesis 
While added reliability tends to decrease fractional O&S cost, a knee in the curve 
exists near the upper end (around 90-95%) component reliability where increases 
to reliability will provide diminishing returns in terms of O&S cost. 

3.3.2 Boundary Selection 

Discussion 
Choosing an appropriate boundary for the model is a parallel process to problem 
definition.  The first issue is to determine the endogenous and exogenous 
variables.  Endogenous variables are included within the system’s boundary and 
are therefore affected by it.  System dynamics attempts to find endogenous 

                                                 
102 Sterman, p94. 
103 OSD CAIG O&S Cost Estimating Guide. p3-19. 
104 Sternman, p95.  
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explanations for system behavior.105  The rationale is simple.  If behavior is 
caused through endogenous variables, then we have hope of affecting the 
systems we build or live in.  If behavior is the result of exogenous activity, then 
we have little hope of changing these forces which affect us from without.  Next, 
we must determine the level of aggregation we will apply within the model.  The 
benefit of aggregation, which allows us to simplify and somewhat generalize, 
must be balanced with the level of practicality and realism we hope to achieve 
within the model.  Finally, we determine the subsystems we will capture within 
the system.  The identification and development of subsystems should match the 
reality of the system under analysis.   

Application  
In this case study, the following endogenous & exogenous variables apply:  
Endogenous Exogenous Excluded 
Actual Operational Load Intended Opn Load 
Number of Operational Vehicles Inherent Failure Rate 

Wartime 
Operational Load 

Observed Failure Rate  
Catastrophic Failures  

System Acquisition 
Cost 

Random Defect Generation  
Observed Defect Generation  

System Disposal 
Cost 

Defects  
Defect Reduction Rate  

Maintainer Training 
Cost 

Induced Failure Rate   
Induced Failures   
Induced Failure Discovery Rate   
Catastrophic Failure Disc. Rate   
Total Failures   
Dead. Failure Classification Rate   
Defer. Failure Classification Rate   
Total Deadline Faults (Failures)   
Total Deferred Faults (Failures)   
Deadline Repair Rate same as: 
Deadline Corrective Maintenance 
Completion Rate 

  

Deferred Repair Rate same as: 
Deferred Failure Corrective 
Maintenance Completion Rate 

  

Time Required Per Vehicle   
Number of Vehicles to 
Service/day 

  

                                                 
105 Sterman, p95.  Endogenous means “arising from within.” Exogenous means “arising from 
without.”  
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Intended Periodic Maintenance 
Schedule 

  

Preventative Maintenance Actions   
Available Periodic Maintenance 
Schedule 

  

Preventative / Periodic 
Maintenance Completion Rate 

  

Deadline Corrective Maintenance 
Generation Rate 

  

Deadline Corrective Maintenance 
Actions 

  

Average Repair Time per 
Deadlining Failure 

  

Average Admin Log Parts Delay 
Time per Failure 

  

Deadlined Corrective 
Maintenance Completion Rate 

  

Deferred Corrective Maintenance 
Generation Rate 

  

Deferred Corrective Maintenance 
Actions 

  

Average Repair Time per 
Deferred Failure 

  

Available Deferred Maintenance 
Schedule 

  

Deferred Corrective Maintenance 
Completion Rate 

  

Work Completion Rate   
Average Maintainer Cost per Day   
Personnel Cost Rate Per Day   
Cost of Personnel   
Cost per Part   
Parts Cost Rate Per day   
Cost of Replacement Parts   
Cost of Evacuation   
Storage Cost per Part   
Authorized Stockage Level   
Spare Part Total Storage Cost   
Cost of Facilities   
O&S Cost Accumulation Rate per 
Day 

  

Total Maintenance Related O&S   
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Cost Accumulation 
Operational Load Accretion Rate   
Cumulative Operational Load   
Cost per Mile   

Table 3-2 Endogenous and Exogenous Variables for the MEFFV Case Study 
 

Subsystem Development 
To comprehend and accurately model the large number of independent and 
dependent variables affecting the system, it is useful to examine the system in 
terms of its sub-systems.  
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Figure 3-6 Model Subsystem Structure 

 
This analysis examines the system using three distinct subsystems: A System 
Performance Module, a System Maintenance Module and an O&S Cost Module.  
The System Performance Module simulates the operational activities of the 
system and the failure rates.  Failures that occur are passed to the System 
Maintenance Module.  Feedback loops exist between the performance and 
maintenance modules as vehicles experience faults, are subsequently removed 
from the operational vehicle population (fleet), and finally are repaired and 
returned to the fleet.  The O&S Cost Module is treated as a dependent variable.  
Costs incurred through the maintenance of the system are tracked in this module 
in pursuit of the primary goal of this thesis: to determine the nature of the 
relationship of technology or component reliability with attributable O&S cost.   
 
Section 3.2.1 (Problem Definition and Refinement) began by repeating the 
problem statement.  We then proceeded to develop top level requirements, 
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derived a simple functional architecture, allocated requirements to the functions, 
and finally developed a generic physical architecture with generic physical 
components (Table 3.1, and Figures 3.1-3.3).  Why was this necessary?  Armed 
with some basic automotive intuition, we observe that for a hybrid electric 
armored fighting vehicle, most of the technology uncertainty is resident within 
the energy storage (battery) component and the electric motor components.  The 
armored fighting vehicle design community currently possesses a very mature 
understanding of the other major components within a hybrid electric mobility 
system (suspension systems, wheels, tracks, running gear, internal combustion 
engines, etc).  The basic systems engineering development contained within 
section 3.2.1 allows this thesis to now focus upon the technologies of greatest 
interest to the technology and system developer for the MEFFV case study.  
Specifically, this research will focus on the energy storage (battery) component of 
the MEFFV case study in examination of the problem.  
 

3.4 Model Development 

3.4.1 Choosing an Appropriate Model Framework 
To this point in chapter 3, we’ve focused on sufficiently describing the problem.  
Once a problem has been sufficiently described, we can begin to examine how 
we will address the problem.  In this case, we want to develop a simulation 
model which allows us to accurately test our hypotheses in a repeatable manner.  
Simulations can generally be described in one of two groups: continuous and 
discrete.  We use discrete-event simulation models when our purpose is to 
examine the detailed behavior of individual actors.  We use continuous models 
when our purpose is to examine the behavior of systems of individual actors 
rather than the individual actors themselves.  In this investigation, as we’ll 
develop later in this chapter, we are concerned with how an organization (a 
system) of combat vehicles is used and how the failures of components within 
those vehicles affect the resulting changes in Operating and Support costs for the 
unit (on a per vehicle basis).  Therefore, we will use a continuous simulation 
technique to examine this problem since we are not worried about the individual 
vehicles (actors) themselves, but with how they behave within the system over 
the long term.  Additionally, we note from Figure 3.6, that the structure of the 
system involves feedback loops, which alter the behavior of the system.  Given 
that we will approach this problem using a continuous model framework, and 
that we have a system structure with feedback loops, System Dynamics theory 
(described in Section 2.4) provides a powerful modeling construct in addressing 
the problem.   

3.4.2 Key Facts and Assumptions 
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• Peace time.  Historically, the O&S costs incurred during times of conflict 
are difficult to track, let alone predict.  Therefore, this analysis follows the DoD 
guidance which directs cost analysts to examine O&S cost incurred during 
peacetime operations only.   

• Operating Cycle Standardization.  Marine armored units typically 
undergo four annual three week field exercises and two annual two week field 
exercises for a total of 16 weeks per year (120 days).  The order and timing of 
these exercises varies from year to year.  To simplify and standardize, this 
analysis considers armored units that undergo two yearly field exercises each 
lasting 60 days.106 

• Constant Operational Load.  Individual tanks within the Marine Corps are 
authorized 850 operational miles per year.  This analysis assumes that all 
authorized mileage is expended during the field exercises (not during recovery 
and repair periods between exercises).  Additionally, this analysis assumes that 
the operational mileage is expended at a constant daily rate during these field 
exercises.   

• Operating Cycle Simplification.  The fleet of Marine armored vehicles 
such as tanks and LAVs often experience deployments during peacetime aboard 
ships in the Maritime Prepositioning Force (MPF).  These deployments 
dramatically change the typical operating load cycles of vehicles in unpredictable 
ways.  Therefore, MPF deployments are not considered in this analysis.  

• Preventative and Deferred Maintenance Timing.   All preventative and 
deferred maintenance occurs during non-operational cycles (While the unit is in 
garrison, not during field exercises).  This analysis assumes no changes to the 
maintenance policies existing in the USMC.107   

• Organizational Level Analysis.  This analysis looks at a single Marine 
Armored unit (a Battalion) with 54 vehicles in the organization (same number of 
vehicles as the existing Marine Tank Battalion).  

• Bathtub Curve.  This analysis considers the fleet of vehicles under study to 
be operating in their useful life period, not the ‘burn-in’ or ‘wear-out’ periods.  
The literature refers to these three periods (useful life, burn-in and wear-out) as 
the ‘bathtub curve,’108 a notion popularly understood.   

• Fix it When it Breaks.  The importance of readiness means that DoD 
weapon systems are almost always repaired whenever a failure occurs without 
intentional delay due to cost or schedule.  In other words, the cost of 
maintenance does not cause us to not perform maintenance.109   

                                                 
106 The Operating Cycle Standardization assumption was verified as acceptable during a 
verification interview with a retired Marine Armor officer.  
107 Further information on modeling the effect of changes to maintenance policies is available 
Kothari V. “Assessment of Dynamic Maintenance Management” 2004. 
108 Rausand and Hoyland, page 21.  
109 This assumption confirmed during a verification interview with a USMC logistician.   
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• One Deadline110 per Vehicle.  As soon as a deadlining failure occurs, the 
system is taken out of the operating fleet for corrective maintenance and not 
returned to the operating fleet until the repairs are complete.   

• Failure Detection.   An intelligent diagnostic system is resident in the 
system which detects failures within a short time of their occurrence.   

• Fix only the Deadline During Field Exercises.  Field training is valuable 
time for the organization.  Therefore when a deadlining failure occurs and the 
vehicle is evacuated to a maintenance area, only that deadlining failure is 
corrected, no other deferred or preventative maintenance occurs while the 
system is down.   

• Non-Repairable parts.  This analysis assumes that all replacement parts 
are non-repairable.   

• All catastrophic failures occur during exercises. However, failures 
induced through defects may cause failures to occur during non-operational time 
periods.   

• No Inflation.  This analysis does not discount or otherwise treat 
inflationary effects.   

3.4.3 Constraints and Limitations 
• FOUO Data.  The US Army maintains an online tracking site for O&S 

costs called OSMIS (Operating and Support Management Information System).  
The US Navy (and by extension the US Marine Corps) operates the VAMOSC 
(Visibility and Management of Operating and Support Costs) website.  Both web 
applications track and show visibility of current and historical O&S expenditures 
across each services entire fleet of weapon systems.  However, the data contained 
therein is listed as “For Official Use Only” and is therefore not available for this 
analysis.   

• Maintenance Related O&S Cost.  Operating and Support cost includes all 
costs to operate, maintain, and support a system:  personnel, consumable and 
repairable materials, ammunition, all levels of maintenance; facilities, and 
sustaining investment.  O&S costs can also be incurred during the production 
and deployment phase as well as during useful life.111   This analysis will not 
cover all aspects of O&S Cost as defined in the reference. We will examine the 
cost of manpower, materials (parts), and recurring facilities costs.   

3.4.4 Variable Definition 
The following variables are defined in this analysis for use in reference while 
interpreting the information contained in the rest of this analysis.  Each definition 
                                                 
110 A ‘Deadline’ is a military specific term referring to a system failure which renders the system 
effectively inoperable, unsafe to operate, or where further operation would cause significant 
damage to the system.  Systems which are “deadlined” are removed from the operating fleet 
until the failure is corrected (repaired).  [Joint Publication 1-02] 
111 OSD CAIG O&S Cost Estimating Guide, p2-3.  
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includes a text description and the units by which the variable is measured. 
Section 3.4.5 (Stock and Flow Diagrams) provides the variable’s mathematical 
description with appropriate algorithms.  Section 4.1 (Model Execution and 
Results) lists each variable’s initial values, some of which are selectively altered 
in Section 4.2 (Sensitivity Analysis).   
 
Intended Operational Load:  The number of miles authorized per vehicle per day 
Measured in miles/(day*vehicle).  The military parlance in this case is ‘opmiles’.  
 
Number of Operational Vehicles:  The number of vehicles in the operating fleet 
accounting for those out of action due to deadlining failures.  Measured as the # 
of vehicles. (Note: the operating fleet is an assumed MEFFV battalion of vehicles) 
 
Actual Operational Load:  Captures the number of miles driven by the operating 
fleet  accounting for those vehicles not accruing opmiles.  Measured as 
miles/day.   
 
Inherent Failure Rate:  The constant failure rate of the technology in question.  
Also referred to as 1/MTTF (or  λ  ).   Measured in failures/mile.112  
 
Observed Failure Rate:  The number of failures occurring across the operational 
fleet as a result of accruing operational load (opmiles).  Measured in 
failures/day. 
 
Catastrophic Failures:  The stock113 of those failures occurring suddenly and 
completely, according to the observed failure rate. Measured as failures.  
 
Random Defect Generation Rate:  Errors that occur from random events that do not 
immediately cause a failure.  However, the build up of errors over time can 
eventually result in a failure.  Measures as defects/mile.  
 
Observed Defect Generation Rate:  The number of defects occurring across the 
operational fleet as a result of accruing operational load (opmiles).  Measured in 
defects/day.  
 
Number of Defects:  The stock of errors that accrue within the operational fleet 
with potential to induce a failure as errors build up over time.  Measured in 
defects.  
 
                                                 
112 Note: rates measure change and are analyzed through derivatives (differential calculus) in 
system dynamics.  
113 Note:  Stock measure accumulations of events or materials within a system and are analyzed 
through integral calculus in system dynamics.   
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Defect Reduction Rate:  The rate at which errors (defects) are removed from the 
operating fleet through preventative (periodic) maintenance.  Measured in 
defects/day.  
 
Induced Failure Rate:  The rate at which non-catastrophic failures occur either as a 
result of defects within the system or as a result of the cascading effects of other 
failures.  Measured in failures/day.   
 
Induced Failures:  The stock of those failures either induced by defects or caused 
by cascading effects of other failures existing in the system.  Measured in failures.  
 
Induced Failure Discovery Rate:  The rate at which induced failures are discovered 
by the vehicle crew.  Measured in failures/day. 
 
Catastrophic Failure Discovery Rate:  The rate at which catastrophic failures are 
discovered by the vehicle crew.  Measured in failures/day. 
 
Total Failures:  The stock of all failures (catastrophic or induced) within the fleet 
of operational vehicles.  Measured in failures.   
 
Deadline Failure Classification Rate:  The rate at which failures are determined to be 
deadlining (vs. deferred).  Deadlining failures take the system out of action 
during periods of operational use; deferred failures do not.  Measured in 
failures/day.  
 
Deferred Failure Classification Rate:  The rate at which failures are determined to 
be deferred failures.  Deferred failures do not take the system out of action 
during periods of operational use.  Measured in failures/day. 
 
Total Deadline Faults (Failures):  The stock of deadlining failures existing within 
the operating fleet of vehicles.  Measured in failures.   
 
Total Deferred Faults (Failures):  The stock of deferred failures existing within the 
operating fleet of vehicles.  Measured in failures.   
 
Deadline Repair Rate:  Same as the Deadline Corrective Maintenance Completion 
Rate.  This variable is used for modeling clarity and merely carries forward the 
effect of completing immediate deadline repairs which return vehicles to the 
operating fleet.  Measured in failures/day.   
 
Deferred Repair Rate:  Same as Deferred Failure Corrective Maintenance 
Completion Rate.  This variable is used for modeling clarity and merely carries 
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forward the effect of completing deferred repairs upon vehicles already in the 
operating fleet.  Measured in failures/day. 
 
Time Required Per Vehicle:  The amount of time required per vehicle to execute its 
scheduled preventative maintenance.  Measured in days/vehicle.   
 
Number of Vehicles to Service/Day:  The number of vehicles to service during 
preventative maintenance periods.  Measured in vehicles/day.   
 
Intended Periodic Maintenance Schedule:  The intended time window for the unit to 
complete its periodic (preventative) maintenance activities.  Measured in 
actions/day.114   
 
Deadline Corrective Maintenance Generation Rate:  The rate at which preventative 
maintenance accrues during the scheduled preventative maintenance time 
period.  Measured in actions/day.  
 
Preventative Maintenance Actions:  The stock of those activities to be executed to 
complete preventative maintenance requirements.  Measured in actions.   
 
Available Periodic Maintenance Schedule:  The time allowed for preventative 
maintenance to occur.  Measured in actions/day.  
 
Preventative / Periodic Maintenance Completion Rate:  The rate at which 
preventative maintenance is completed.   Measured in actions/day.   
 
Deadlined Corrective Maintenance Generation Rate:  The rate at which deadlining 
maintenance requirements (deadlining failures) develop.  Measured in 
failures/day.  
 
Deadline Corrective Maintenance Actions:  The stock of deadlining failures that exist 
in the fleet of vehicles having accrued over time and which must be completed.  
Measured in actions.   
 
Average Repair Time per Deadlining Failure:  A random variable that determines 
how long a repair action will take to complete, including diagnosing, replacing, 
and testing, plus vehicle evacuation time.  Measured in days/failure.   
 
Average Admin Log Parts Delay Time per Failure:  A random variable that 
determines if a part is in stock and if not, how long until the part is available to 
replace the failed item.  Measured in days/part.   

                                                 
114 In this analysis, repair actions are treated as synonymous with failures.  
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Deadlined Corrective Maintenance Completion Rate:  The rate at which deadlining 
corrective maintenance is completed (failures are corrected).  Measured in 
failures/day.   
 
Deferred Corrective Maintenance Generation Rate:  The rate at which deferred 
maintenance is accrued (rate at which deferred failures occur).  Measured in 
failures/day.   
 
Deferred Corrective Maintenance Actions:  The stock of deferred maintenance 
actions existing in the fleet of vehicles.  Measured in actions.  
  
Average Repair Time per Deferred Failure:  A random variable that accounts for the 
length of time needed to complete each deferred failure corrective action.  
Measured in days/failure.  
 
Available Deferred Maintenance Schedule:  The available schedule for completing 
deferred corrective maintenance between field exercises.  This variable serves to 
ensure that deferred maintenance is not conducted during operational field 
cycles and is therefore measured as dimensionless.   
   
Deferred Corrective Maintenance Completion Rate:  The rate at which deferred 
corrective maintenance is completed.  Measured in failures/day.   
 
Work Completion Rate:  The rate at which all maintenance work (deferred, 
deadlining, and preventative) is completed. Measured in mandays/day.   
 
Average Maintainer Salary:  The total cost per day of a maintainer, including 
salary, housing, food allowances, health care, etc.  Measured in dollars/day.   
 
Personnel Cost Rate Per Day:  The rate at which manpower costs (attributable only 
to maintenance) are accrued per day.  Measured in dollars/day.   
 
Cost of Personnel:  The accumulating stock of the cost of manpower used in 
maintenance.  Measured in dollars. 
 
Cost per Part:  The procurement cost of a replacement part.  Measured in 
dollars/part.   
 
Parts Cost Rate Per Day:  The rate at which parts costs accrue per day.  Measured 
in dollars/day 
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Cost of Replacement Parts:  The accumulating stock of the cost of parts used in 
maintenance over the system lifetime.  Measured in dollars. 
 
Cost of Evacuation:  The cost in moving a deadlined vehicle from the point of 
failure (generally in a training area) to the maintenance area or moving the 
maintenance crew to the point of failure from the maintenance area.  Measured 
in dollars/failure.   
 
Storage Cost per Part:  Cost to store an individual replacement part.  Measured in 
dollars/part.  
 
Authorized Stockage Level:  Number of spare parts per day that the organization 
keeps on hand.  Measured in parts/day.  
 
Spare Part Total Storage Cost:  The total cost of storing spare parts that accounts for 
the number of parts to be stored per day and the storage cost/part.   
 
Facilities Cost Rate Per Day:  The rate at which facilities costs accrue per day.  
Measured in dollars/day.   
 
Cost of Facilities:  The accumulating stock of facilities costs incurred over the 
lifetime of the system.  Measured in dollars.   
O&S Cost Accumulation Rate per Day:  The combined rate of personnel, parts and 
facilities costs that accrue each day.  Measured in dollars/day.  
 
Total Maintenance Related O&S Cost Accumulation:  The combined accumulating 
stock of personnel, parts and facilities costs that accrue each day.  Measured in 
dollars.   
 
Operational Load Accretion Rate:  The rate at which operational load accrues across 
the organization’s fleet of vehicles.  Measured in miles/day.  
 
Cumulative Operational Load:  The total stock of accumulated operational load 
experienced by the organization’s fleet of vehicles.  Measured in miles.   
 
Cost per Mile:   The total accumulated O&S cost accrued by the battalion divided 
by the total number of operational miles driven by the organization.  Measured 
in dollars/mile. 
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3.4.5 Causal Loop Diagram 
To review, causal loop diagrams are a technique used in capturing and communicating the structure of a system under 
study in terms of its feedback loops, key variables, delays and causational structure.  They take mental models along with 
other information about the system and document our initial hypotheses and judgment about which variables in the 
system exhibit causational links and the feedback structures between them. 
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Inspection of the Causal Loop Diagram reveals 5 primary feedback loops 
affecting the behavior of the operating fleet of vehicles:    
 
R1 (Failure Spiral)  
Random Defects » Observed Degradation Failure Rate » Induced Failures » Total 
Failures » Random Defects 
This reinforcing loops depicts the feedback occurring when systems that fail, 
cause other systems to fail in a cascading manner.  Using our MEFFV case study, 
this loop is exemplified when the batteries in the Hybrid system are not 
performing properly, causing the engine to run more often, at higher RPMs, 
therefore causing more induced failures to occur within the engine, etc. 
 
B1 (Preventative Maintenance) 
Random Defects » Preventative Maintenance Time » Random Defects 
The preventative maintenance balancing loop depicts the effect of preventative 
maintenance by reducing degradations in the system.  Using our MEFFV case 
study, an example of this loop is how system operator catch degraded states 
(prior to a failure) during periodic checks and services.  This would include loose 
track pins, corroded wiring, etc.  By finding and fixing these faults prior to 
failure, the number of degraded states is reduced.  
 
B2 (Immediate Corrective Maintenance) 
Deadlining Failures » Dead Line Corrective Maintenance Time » Deadlining Failures 
A dead line is a failure that removes the system from operational status, meaning 
the system is no longer able to operate effectively or safely and therefore must be 
repaired immediately.  Every vehicle in the military inventory lists all deadlining 
failures for the system.  This balancing loop depicts how corrective maintenance 
reduces the number of existing dead lines.  Using our MEFFV case study, an 
example of a deadlining failure is a coolant leak or brake failure. When either of 
these states occur, the system must be taken out of operation for immediate 
corrective maintenance.  Dead lining failures affect the operating load because 
the system must be taken out of action or out of operating state.  
 
B3 (Deferred Corrective Maintenance) 
Deferred Failures » Deferred Corrective Maintenance Time » Deferred Failures 
Deferred failures are those failures which do not cause the system to require 
immediate corrective maintenance, but must also be fixed, therefore costing time 
and money.  Deferred Corrective Maintenance Time does not affect the operating 
load of the system because, unlike dead line failures, the system does not need to 
be taken out of action.  Rather this maintenance can be deferred until a 
convenient time.   
 
B4 (Fleet Attrition)   
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Actual Operating Load » Observed Failure Rate » Catastrophic Failures » Total Failures 
» Dead Lining Failures » Dead lining Corrective Maintenance Time » Actual Operating 
Load 
This balancing loop captures the affect of system failures on the operating fleet. 
As the fleet of vehicles (systems) incurs deadlining failures, those systems are 
taken out of operating mode and serviced to correct those failures. Therefore, 
those systems will not incur additional failures because it is not under 
operational load.  
 
We can also associated each element of the Causal Loop Diagram with it’s 
applicable model subsystem developed in Section 3.3.2 (Boundary Selection) 
Figure 3.6.   
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3.4.6 Stock and Flow Diagram 
To review, stock and flow diagrams are quantitative extensions of causal loop 
diagrams that focus on the physical and informational structure of systems.  
Stocks are accumulations within the system (materials, information, etc).  They 
characterize the state of the system, provide the inertia within a system, and store 
its accumulated memory of previous activity.  Flows regulate the input and 
output of accumulation of the stock.  Every aspect of the stock and flow 
formation must be quantitatively described and is backed by the formal 
mathematical structure described in Section 2.4.4.  Stock and Flow modeling is 
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the primary construct we will use for executing this analysis from this point 
forward.   
 
Beginning with the causal loop diagram (explained above) and the variables 
described in Section 3.4.3 (Variable Definition), this analysis develops three inter-
related stock and flow structures in congruence with the model subsystems of 
performance, maintenance and cost.  The following three sections describe the 
stock and flow models developed for: The System Performance Module, The 
System Maintenance Module and The O&S Cost Module.   
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Figure 3-7:  System Performance Module Stock and Flow Model 

 
The System Performance Module models the user’s employment of the system during its useful operating life.  Using the 
figure above, the following paragraphs define each variable, explain its usage in the model along with its parameter value 
rationale, and define the mathematical algorithm used to model the variable.   
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Intended Operational Load:  The number of miles authorized per vehicle per day 
Measured in miles/(day*vehicle).  The military parlance in this case is ‘opmiles’.  
 
Usage in the Model:  This variable is used to represent the planned or intended 
service usage schedule.  The initial fielding plan of the M1A1 tank in the USMC 
allows for 850 opmiles per year per tank.115  Marine Armored units tend to 
execute 3 field exercises each lasting 4 weeks as well as 2 smaller field exercises 
each lasting 2 weeks for a total of 120 days.116  With roughly 120 training days, 
this yields about 7 op miles per day per tank. (850/120 = 7.08).  To simplify the 
representation of this duty cycle in the model, we’ve modeled this duty cycle as 2 
field problems each lasting 60 days, meeting the total of 120 field operating days.  
Additionally, we’ve modeled individual vehicles driving the average number of 
miles per day (no surges or quiet periods during field problems).   
 
Algorithm Representation: 
 

Intended Operational Load = PULSE TRAIN(1,60,180,FINAL 
TIME)*7.08 

 
 
Number of Operational Vehicles:  The number of vehicles in the operating fleet 
accounting for those out of action due to deadlining failures.  Measured as the # 
of vehicles. (Note: the operating fleet is an assumed MEFFV battalion of vehicles) 
 
Usage in the Model:  This variable is used to represent the operating fleet over the 
life cycle.  For this analysis, we’ve assumed a 1:1 replacement of Marine Tanks as 
a MEFFV operating battalion.  Therefore, 54 vehicles are modeled as the 
operating fleet.  As deadline faults occur during field exercises and effectively 
take certain vehicles ‘out of action,’ the operating fleet accordingly shrinks.  As 
repairs are conducted, the operating fleet accordingly grows back to its 
maximum of 54 vehicles.  Care is taken in the algorithm implementation to 
ensure that the operating fleet as modeled does not exceed 54 or drop below 0.  
The algorithm also ensures that only whole vehicles are modeled, quantizing 
their influence since vehicles can be either operational or not operational.   
 
Algorithm Representation: 
 

Number of Operational Vehicle = QUANTUM(MIN(54,IF 
THEN ELSE(55-Total Deadline Faults>0,55-Total 

                                                 
115 US Department of Defense. United States Marine Corps.  Marine Corps Order 8420.13: Material 
Fielding Plan (MFP) For The M1A1 Tank. Washington, D.C., August 20th, 1991.  p 5.  
116 Discussion with retired Marine Armor (Tank) Officer. 
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Deadline Faults, IF THEN ELSE( 55-Total Deadline 
Faults<0,0,55-Total Deadline Faults))),1) 

 
 
Actual Operational Load:  Captures the number of miles driven by the operating 
fleet  accounting for those vehicles not accruing opmiles.  Measured as 
miles/day.   
 
Usage in the Model:  This variable is used to represent represent the number how 
the number of operational vehicles affects the total opmileage driven by the 
operating fleet.   
 
Algorithm Representation: 
 

Actual Operational Load = intended operational load*Number of 
Operational Vehicles 

 
 
Inherent Failure Rate:  The constant failure rate of the technology in question and 
is also referred to as λ  (or 1/MTTF).   Measured in failures/mile.  
 
Usage in the Model:  This variable is used to represent the how often the 
technology in question fails during its operational use.  We model this rate to be 
constant because the system is assumed to be in its useful operating life, past 
those failures exhibited during the burn-in phase and prior to those failures 
exhibited in the wear-out phase.  Note that MTTF (Mean Time To Failure) 
generally can described in time units, distance (miles).  In this case, we use 
distance.    
 
This analysis examines how changes in the reliability of a component technology 
affect the O&S cost of the vehicle.  Our base case models a bank of Li-Ion 
(Lithium Ion) batteries as the energy storage function of the vehicle (in addition 
to the fuel tank, whose reliability is discounted).  The inherent failure rate is 
calculated at the component level; in this case our component is comprised of a 
bank of Li-Ion batteries.  Li-Ion batteries offer a number of advantages.  First, Li-
Ion batteries offer up to 2/3 reduction in volume over Lead-Acid batteries (the 
kind in most automobiles).117  Second, Li-Ion batteries offer comparatively good 
efficiency as well as good power density and good energy density when 
compared to other technologies.118  Third, Li-Ion batteries offer long operating 

                                                 
117 Fortin et al.  p16.  
118 Gao, Y. and M. Ehsani. “Investigation of Battery Technologies for the Army’s Hybrid Vehicle 
Program.” IEEE Transactions 3 (2002): 1505-1509.  p1508.  
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lifetimes (usually measured in cycles) and are generally safe to operate.119  While 
Li-Ion batteries were chosen for a number of their positive traits, the analysis of 
battery technology is not the focus of this investigation.  Therefore, a number of 
simplifying assumptions are made in the parameter derivation of the base case of 
battery technology component reliability.  First, we assume that the internal 
combustion engine of the hybrid vehicle cannot be quieted sufficiently to meet 
the silent maneuver requirement (refer to table 3.1 “Estimated Requirements”), 
meaning that the vehicle’s batteries must hold sufficient power to move the 
vehicle.  Therefore, to meet the horsepower/ton power performance of the 
USMC’s Light Armored Vehicle (LAV) of ~21 hp/ton120, on a 24 ton vehicle, the 
energy storage module would need to produce approximately 378 kW (kiloWatt) 
of power.   

1x hp = approximately 0.746 kW.  
21*24 = 504hp.     
504*0.746 = 375.9kW 

Ignoring impedance (internal battery resistance) and other issues involved with 
linking banks of individual batteries, we find that 15x25kW batteries are required 
for the vehicle (375.9/25 = ~ 15 batteries).121  Assuming an average battery 
lifetime of 15,000 cycles,122 that each battery cycles once per operational day and 
that each battery is designed to an operational day which includes 7 opmiles, we 
roughly derive a baseline projection of 0.000143 or 7000 miles between failures.   

MTTF = (7*15,000) = 105,000 miles between individual battery 
failure.     
λ  = 1/105,000 = 0.0000095 
15 *   0.0000095 = 0.000143  
1 / 0.000143 = 7000 miles between failures at component level 

 
Algorithm Representation: 
 

Inherent Failure Rate = Constant  
Base-case = 0.000143 
 
 

Observed Failure Rate:  The number of failures occurring across the operational 
fleet as a result of accruing operational load (opmiles).  Measured in 
failures/day. 

                                                 
119 US Department of Energy. 2004 Annual Progress Report on Energy Storage Research and 
Development.  By E.J. Wall and T.Q. Duong. Washington, D.C., January, 2005. p7.  
120 Janes Defense (www.janes.com), LAV-25 data, 2002.  
121 25kW batteries (in this case Li-Ion) are chosen in this case due to the availability of 
performance and cost data for this technology.   
122 2004 DOE Report on Energy Storage Research and Development, page 5, their calculations in 
Watt (W) vice ours in kiloWatt (kW).   
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Usage in the Model:  This variable is used to represent how changes in operational 
load affect the failure rate.  As more load (stress) is placed upon the fleet of 
vehicles, more failures occur.  The exponential distribution is used in this case as 
the tried and true model used under the assumption of constant inherent failure 
rate.  Using the green highlighted portion of the below algorithm, the base-case 
(Predicted Li-Ion) is therefore 94.7% reliable at the component level.   The 
random draw function is used to essentially quantize the algorithm.  If the 
random draw (explained next) is less than the observed failure rate, then a failure 
occurs.  If not, no failure occurs.  This is a typical Monte Carlo simulation 
technique used to model random events.   Note that the algorithm contains 
imbedded ‘IF THEN ELSE’ statements.  These allow for more than one failure to 
occur in a given day.  While keeping the necessary quantizing factor, this 
algorithm allows for up to 5 independent failures to occur in a given day.  Here 
we assume that failures are IID (Independent and Identically Distributed), 
meaning that the probably the probability of ‘X’ failures occurring is simply: 

xtFxP )()( = .  Our experimentation with the model finds that when more than 5 
failures are allowed to occur, the fleet size quickly approaches zero.  Therefore, 5 
failures in this case study appears to be an asymptote.  The generalizable nature 
of this model allows us to change this parameter to examine future case-studies 
as needed.   
 
Algorithm Representation: 
 

Observed Failure Rate = IF THEN ELSE(random draw<=(1-EXP(-actual 
operational load*inherent failure rate)),IF THEN ELSE(random 
draw<=((1-EXP(-actual operational load*inherent failure rate))*(1-EXP(-
actual operational load*inherent failure rate))),IF THEN ELSE(random 
draw<=((1-EXP(-actual operational load*inherent failure rate))*(1-EXP(-
actual operational load*inherent failure rate))*(1-EXP(-actual operational 
load*inherent failure rate))),IF THEN ELSE(random draw<=((1-EXP(-
actual operational load*inherent failure rate))*(1-EXP(-actual operational 
load*inherent failure rate))*(1-EXP(-actual operational load*inherent 
failure rate))*(1-EXP(-actual operational load*inherent failure rate))),IF 
THEN ELSE(random draw<=((1-EXP(-actual operational load*inherent 
failure rate))*(1-EXP(-actual operational load*inherent failure rate))*(1-
EXP(-actual operational load*inherent failure rate))*(1-EXP(-actual 
operational load*inherent failure rate))*(1-EXP(-actual operational 
load*inherent failure rate))),5,4),3),2),1),0) 

 
 
Random Draw:  This random variable is used to determine if a catastrophic failure 
will occur.  Random Draw is dimensionless and is not measured.  
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Usage in the Model:  This random variable is used to determine if a catastrophic 
failure will occur.  If the random draw is less than the observed failure rate, then 
a failure occurs.  If not, no failure occurs.  The variable is drawn from a uniform 
distribution between zero and one.  Note that random draw is not displayed in 
the Causal Loop Diagram because this variable is needed solely for the proper 
execution of the simulation (a modeling artifact).   
 
Algorithm Representation: 
 

random draw = RANDOM UNIFORM(0,1,0) 
 
 
Catastrophic Failures:  The stock of those failures occurring suddenly and 
completely, according to the observed failure rate. Measured as failures.  
 
Usage in the Model:  This stock is added to (or accumulates) when failures occur 
and is depleted when failures are discovered by the vehicle crew.  The stock’s 
initial value is zero (0). 
 
Algorithm Representation: 
 

Catastrophic Failures = 0,rate"discovery  C.F.rate-" failure observed∫ +  
 
 
Random Defect Generation Rate:  Errors that occur from random events that do not 
immediately cause a failure.  However, the build up of errors over time can 
eventually result in a failure.  Measures as defects/mile.  
 
Usage in the Model:  This rate variable models the effect of random degradation of 
the energy storage module from natural and induced effects.  As electrochemical 
devices, batteries may develop a number of different defects over the course of 
their operation.  These defects are caused by degradation mechanisms such as 
electrolyte stratification, gas bubble entrapment, or degradation of the positive 
active mass.123  In our Li-Ion case study, we find that degradation is 1/50th of 1% 
per cycle = 0.0002124  with our 15 batteries per vehicle, 7 opmiles in a cycle, and 
batteries cycling once per day.   

                                                 
123 Sandia National Laboratories.  Capacity Loss in PV Batteries and Recovery Procedures, by Tom 
Hund.  Albequierque, NM.  no date.  p1.   
124 Derived from Sarre, Guy, Philippe Blanchard, and Michel Broussely.  “Aging of Lithium – Ion 
Batteries.” Journal of Power Sources 127 (2004): 65-71.  Random degradation is also discussed in 
Hund, Tom: “Capacity loss in PV Batteries and Recovery Procedures.”   
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Algorithm Representation: 
 

Random Defect Generation = RANDOM UNIFORM(0,0.0002,0)/7*15 
 
 
Observed Defect Generation Rate:  measures the number of defects occurring across 
the operational fleet as a result of accruing operational load (opmiles).  Measured 
in defects/day.  
 
Usage in the Model:  This rate variable allows random defect generation rate to 
change with changes in opmileage.   
 
Algorithm Representation: 
 

Observed Defect Generation = actual operational load*random defect 
generation rate 

 
 
Number of Defects:  The stock of errors that accrue within the operational fleet 
with potential to induce a failure as errors build up over time.  Measured in 
defects.  
 
Usage in the Model:  This stock models the accumulation and depletion of defects 
as they occur in the operating fleet of vehicles.  The variable “observed defect 
generation rate” adds to the number of defects whereas the variables “induced 
failure rate” and “defect reduction rate” deplete the stock.  The stock’s initial 
value is zero (0). 
 
Algorithm Representation: 
 

Number of Defects = 

∫ 0 rate,reduction defect -rate failure induced-rate generationdefect  observed  
 
 
Defect Reduction Rate:  The rate at which errors (defects) are removed from the 
operating fleet through preventative (periodic) maintenance.  Measured in 
defects/day.  
 
Usage in the Model:  This variable models the depletion of defects as they occur in 
the operating fleet of vehicles as a direct result of periodic maintenance.  We 
assume that periodic maintenance (preventative maintenance) reduces the 
number of defects by 50%. The assumption being that periodic maintenance is 
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50% effective.  The defect reduction rate is only active when the organization is 
in a period of available periodic maintenance.  Therefore, this variable only 
reduces the number of defects in the operating fleet when the mechanics or crew 
are actually performing periodic maintenance.  This investigation assumes that 
all periodic (preventative) maintenance is conducted in the time intervals 
between field exercises; preventative maintenance for this analysis is not 
modeled during field exercises.   
 
Algorithm Representation: 
 

Defects Reduction Rate = IF THEN ELSE(Number of 
Defects>=0,available periodic maintenance 
schedule*Number of Defects*0.5,0) 

 
 
Induced Failure Rate:  The rate at which non-catastrophic failures occur either as a 
result of defects within the system or as a result of the cascading effects of other 
failures.  Measured in failures/day.   
 
Usage in the Model:  This variable models the effect of defects reaching a given 
threshold, therefore inducing a failure and also models the sympathetic failures 
caused by other components failing.  This algorithm does three major 
calculations.  First, it essentially quantizes the number of failures that can occur 
to a whole number.  Second, it uses the assumption of homogeneity across the 
operating fleet and normalizes the number of potential defects with the total 
number of operating vehicles to assist in probability determination.  Third, it 
allows for the failure spiral where sympathetic failures may occur.   We use the 
assumption that 10% of all failures induce or sympathetically cause other 
failures. 
 
Algorithm Representation: 
 

Induced Failure Rate = IF THEN ELSE(Number of 
Defects-1<=0,0,IF THEN ELSE(random draw<((Number 
of Defects+(Total Failures*0.1))/Number of Operational 
Vehicles),1,0)) 

 
 
Induced Failures:  The stock of those failures either induced by defects or caused 
by sympathetic effects of other failures existing in the system.  Measured in 
failures.  
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Usage in the Model:  This stock models the accumulation and depletion of system 
failures not caused by the inherent failure rate; models those failures caused 
either sympathetically or through the defect/degradation mechanisms.  The 
stock is added to by the induced failure rate and depleted by the “induced failure 
discover rate” (I.F. discovery rate).  The stock’s initial value is zero (0).   
 
Algorithm Representation: 
 

Induced Failures = ∫ ,0rate"discovery  I.F.rate-" failure induced  

 
 
Induced Failure Discovery Rate:  The rate at which induced failures are discovered 
by the vehicle crew.  Measured in failures/day. 
 
Usage in the Model:  This rate variable models the discovery of failures by the 
vehicle crew through either onboard intelligent diagnostics or their own 
observations of system performance.  This investigation assumes that future 
combat vehicles will have onboard intelligent diagnostics able to sense a 
component failure and notify the vehicle crew.125  Therefore crew members are 
alerted to failures without a time delay.  While not essential to the model, this 
model structure is maintained for correlation to our normal intuition of how 
mechanical systems work.  The equivalence between the occurrence of failures 
and the discovery of failures results in the “Induced Failure” stock never 
accumulating or depleting failures, but staying constant.   
 
Algorithm Representation: 
 

induced failure discovery rate = induced failure rate 
 
 
Catastrophic Failure Discovery Rate:  The rate at which catastrophic failures are 
discovered by the vehicle crew.  Measured in failures/day. 
 
Usage in the Model:  This rate variable is parallel in structure, purpose and 
behavior to the “Induced Failure Discovery Rate” described above.   
 
Algorithm Representation: 
 

catastrophic failure discovery rate = observed failure rate 
 

                                                 
125 Multiple Army and Marine Corps active programs validate this notion of future vehicles able 
to sense failures in near real time and alert the crew.   
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Total Failures:  The stock of all failures (catastrophic or induced) within the fleet 
of operational vehicles.  Measured in failures.   
 
Usage in the Model:  This stock models the accumulation and depletion of all 
failures (induced or catastrophic) as they occur across the operating fleet of 
vehicles.  The stock is added to by the Induced Failure and Catastrophic Failure 
Discovery Rate variables and depleted by the deadline and deferred failure 
classification rate.  The purpose of this stock is to replicate our normal 
maintenance process of discovery and classification.  Once failures are 
discovered (regardless of the failure’s origin), the user or maintainer must 
classify them as either deadlining, meaning that the system must be taken out of 
action, or deferred, meaning that the failure can wait for repairs until the end of 
the field exercises.  This stock collects all failures to allow for classification.  
 
Algorithm Representation: 
 
  total failures = 

∫ rate,0tion classifica deferred-ratetion classifica linerate"-deaddiscovery  I.F.rate"+"discovery  C.F."
 
 
Deadline Failure Classification Rate:  The rate at which failures are determined to be 
deadlining (vs. deferred).  Deadlining failures take the system out of action 
during periods of operational use; deferred failures do not.  Measured in 
failures/day.  
 
Usage in the Model:  This variable characterizes a fixed percentage of failures as 
deadlining failures.  70% was chosen after verification interviews with a retired 
Marine officer.  Given that this variable relies on a constant, in this case 0.7, 
sensitivity analysis is conducted in Chapter 4.   
 
Algorithm Representation: 
 
  deadline failure classification rate = Total Failures*0.7 
 
 
Deferred Failure Classification Rate:  The rate at which failures are determined to be 
deferred failures.  Deferred failures do not take the system out of action during 
periods of operational use.  Measured in failures/day. 
 
Usage in the Model:  Similar to the “deadlining failure classification rate,” this 
variable characterizes a fixed percentage of failures as deferred failures.  30% was 
chosen after verification interviews with a retired Marine officer.  Given that this 



 67

variable relies on a constant, in this case 0.3, sensitivity analysis is conducted in 
Chapter 4.   
 
Algorithm Representation: 
 
  deferred failure classification rate = Total Failures*0.3 
 
 
Total Deadline Faults:  The stock of deadlining failures existing within the 
operating fleet of vehicles.  Measured in failures.   
 
Usage in the Model:  This stock models the accumulation and depletion of 
deadline failures within the operating fleet.   Since we operate under the 
modeling assumption of only 1 deadline failure per vehicle, this stock directly 
relates to the number of operating vehicles.  As this stock grows, the number of 
operating vehicles in the fleet shrinks, forming a critical balancing loop feedback 
mechanism within the organization.  This stock is depleted by the Deadline (DL) 
Repair Rate, which forms a second balancing loop feedback mechanism within 
the organization.  In this second balancing loop, as more deadlining failures are 
accumulated, more immediate corrective maintenance is conducted to repair 
those failures.  The stock’s initial value is zero (0).   
 
Algorithm Representation: 
 

Total Deadline Faults = ∫ Rate,0Repair  DL-ratetion classifica deadline  

 
 
Total Deferred Faults:  The stock of deferred failures existing within the operating 
fleet of vehicles.  Measured in failures.   
 
Usage in the Model:  Similar to the Total Deadline Faults stock, this stock models 
the accumulation and depletion of deferred failures within the operating fleet.  
Deferred failures are not repaired until after a field exercise period is complete 
and do not require an assumption of 1 fault per vehicle.  This stock is added to 
by the “deferred failure classification rate” variable and depleted by the 
“deferred failure repair rate” variable.   This structure models the accumulation 
of deferred failures during field exercises and depletion (through deferred 
corrective maintenance) during recovery periods between field exercises.  The 
stock’s initial value is zero (0). 
 
Algorithm Representation: 
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Total Deferred Faults = ∫ rate,0repair  DF-ratetion classifica deferred  

 
 
Deadline Repair Rate:  Same as the Deadline Corrective Maintenance Completion 
Rate.  This variable is used for modeling clarity and merely carries forward the 
effect of completing immediate deadline repairs which return vehicles to the 
operating fleet.  Measured in failures/day.   
 
Usage in the Model:  This variable reduces the stock of deadlined failures and 
therefore returns vehicles back to the operational vehicle fleet, incorporating the 
effect of immediate corrective maintenance.  This variable is set equivalent to the 
“deadline corrective maintenance completion rate” variable discussed in the next 
section to maintain parallel modeling structure.  
 
Algorithm Representation: 
 

deadline repair rate = IF THEN ELSE(Total Deadline 
Faults>0,DL corrective maint completion rate,0) 

 
 
Deferred Repair Rate:  Same as Deferred Failure Corrective Maintenance 
Completion Rate.  This variable is used for modeling clarity and merely carries 
forward the effect of completing deferred repairs upon vehicles already in the 
operating fleet.  Measured in failures/day. 
 
Usage in the Model:  This variable is set equivalent to the “deferred corrective 
maintenance completion rate” variable discussed in the next section to maintain 
parallel modeling structure. 
 
Algorithm Representation: 
 

deferred repair rate = IF THEN ELSE(Total Deferred 
Faults>=1,DF corrective maint completion rate,0) 

 
 

System Maintenance Module 
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Figure 3-8: System Maintenance Module Stock and Flow Model 

 
 
The System Maintenance Module models the maintenance of the system during 
its useful operating life.  We structure the model in accordance with how 
maintenance is actually conducted, specifically into preventative (or periodic) 
maintenance which occurs according to a set schedule, deadlined (immediate) 
corrective maintenance which begins immediately upon discovery of a failure, 
and deferred corrective maintenance, which is deferred until after a training 
cycle is complete.  As with the preceding System Performance Module 
explanation above, the following paragraphs define each variable from Figure 3-
8, explain its usage in the model along with its parameter value rationale, and 
define the mathematical algorithm used to model the variable.  
 
 
Time Required Per Vehicle:  The amount of time required per vehicle to execute its 
scheduled preventative maintenance.  Measured in days/vehicle.   
 
Usage in the Model:  This variable is assumed to be normally distributed with a 
minimum of 1 hour, a max of 3 and an average of 2 hours, with standard 
deviation of about 20 minutes.  The algorithm is converted into days (vice hours) 
to ensure dimensional consistency with the rest of the model. 
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Algorithm Representation: 
 

time required per vehicle = RANDOM NORMAL 
(0.125,0.375,0.25,0.05,0) 

 
 
Number of Vehicles to Service/Day:  The number of vehicles to service during 
preventative maintenance periods.  Measured in vehicles/day.   
 
Usage in the Model:   We model 54 vehicles in the assumed MEFFV battalion, with 
a 60 day window in which to execute preventative & periodic maintenance.  
 
Algorithm Representation: 
 

number of vehicles to service/day = Constant = 54/60 
 
 
Intended Periodic Maintenance Schedule:  The intended time window for the unit to 
complete its periodic (preventative) maintenance activities.  Measured in 
actions/day.126   
 
Usage in the Model:   We model a 60 day window in which to execute preventative 
& periodic maintenance.  This window begins immediately after the conclusion 
of a field exercise and lasts for 60 consecutive days.   
 
Algorithm Representation: 
 

intended periodic maintenance schedule = PULSE TRAIN 
(61,60,180,FINAL TIME) 

 
 
Preventative / Periodic Maintenance Generation Rate:  The rate at which preventative 
maintenance accrues during the scheduled preventative maintenance time 
period.  Measured in actions/day.  
 
Usage in the Model:   This rate variable models the combined effect of maintenance 
schedule, the number of vehicles to service and the time required to complete 
each service.     
 
Algorithm Representation: 
 
                                                 
126 In this analysis, repair actions are treated as synonymous with failures.  
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preventative /  periodic maintenance generation rate = 
number of vehicles to service per day*time required per 
vehicle*intended periodic maintenance schedule 

 
 
Preventative Maintenance Actions:  The stock of those activities to be executed to 
complete preventative maintenance requirements.  Measured in actions.   
 
Usage in the Model:   This stock models accumulation and depletion of 
preventative maintenance actions.   The stock’s initial value is zero (0). 
 
Algorithm Representation: 
 

Preventative Maintenance Actions =  

∫ + ,0rate" completionmaint  periodic / prevrate-" generationmaint  periodic prev  

 
 
Available Periodic Maintenance Schedule:  The time allowed for preventative 
maintenance to occur.  Measured in actions/day.  
 
Usage in the Model:   Periodic maintenance time is actually available for up to 120 
days in between field problems, although our intended schedule is for 60 days 
(see above).  This reflects the notion that if periodic maintenance is generated 
faster than it can be completed during the scheduled 60 days of periodic 
maintenance, then the servicemen will continue to execute PM until it is 
complete, or until the beginning of the field problem. 
 
Algorithm Representation: 
 

available periodic maintenance schedule = PULSE TRAIN 
(63,117,180,FINAL TIME) 

 
 
Preventative / Periodic Maintenance Completion Rate:  The rate at which 
preventative maintenance is completed.   Measured in actions/day.   
 
Usage in the Model:   Periodic / preventative maintenance in the military is an 
important and often variable activity.  The modeling difficulty arises from the 
fact that military units will surge manpower or time resources until the task is 
complete.  In this investigation, we’ve chosen to represent a 3 man vehicle crew 
executing maintenance during the available periodic or preventative 
maintenance schedule.   
 



 72

Algorithm Representation: 
 

preventative / periodic maintenance completion rate = IF 
THEN ELSE("Preventative / Periodic Maintenance 
Actions">=3,available periodic maintenance schedule*3,0) 

 
 
Deadlined Corrective Maintenance Generation Rate:  The rate at which deadlining 
maintenance requirements (deadlining failures) develop.  Measured in 
failures/day.  
 
Usage in the Model:   This rate variable models the addition of immediate 
corrective maintenance workload.   
 
Algorithm Representation: 
 

deadlined corrective maintenance generation rate = deadline 
classification rate 

 
 
Deadline Corrective Maintenance Actions:  The stock of deadlining failures that exist 
in the fleet of vehicles having accrued over time and which must be completed.  
Measured in actions.   
 
Usage in the Model:   This stock models accumulation and depletion of immediate 
corrective maintenance actions arising from deadline failures and depleted by 
the completion of immediate corrective maintenance.  The stock’s initial value is 
zero (0). 
 
Algorithm Representation: 
 

Deadline Corrective Maintenance Actions =  

∫ rate,0 completionmaint  corrective DL-rate generationmaint  corrective DL+  

 
 
Average Repair Time per Deadlining Failure:  A random variable that determines 
how long a repair action will take to complete, including diagnosing, replacing, 
and testing, plus vehicle evacuation time.  Measured in days/failure.   
 
Usage in the Model:   This random variable models the time required to conduct 
the actual maintenance (or the average repair time to diagnose, replace and test 
the failure), but not the time required waiting for spare parts.  The minimum is 
set at 0.5 days (4 hours) and includes the assumption that it will take at least 2-3 



 73

hours to evacuate the vehicle to a maintenance contact point where the repair 
will occur. The average is assumed to be one day, the maximum as 3 days and 
the standard deviation as 0.2 days.   
 
Algorithm Representation: 
 

average repair time per deadlining failure = RANDOM 
NORMAL(0.5,3,1,0.2,0) 

 
 
Average Admin Log Parts Delay Time per Failure:  A random variable that 
determines if a part is in stock and if not, how long until the part is available to 
replace the failed item.  Measured in days/part.   
 
Usage in the Model:   This random variable models the time delay a sometimes 
required in waiting for parts and accounts for the fact that parts delays (caused 
by lack of part availability) can slow the repair process.  Since the unit keeps a 
certain stockage level on hand at the repair site, the exponential distribution is 
used with a minimum of zero.  However, the DoD distribution system 
occasionally experiences long delays, so the maximum delay is set for 15 days.   
 
Algorithm Representation: 
 

average repair time per deadlining failure = RANDOM 
EXPONENTIAL(0,15,1,1,0) 

 
 
Deadlined Corrective Maintenance Completion Rate:  The rate at which deadlining 
corrective maintenance is completed (failures are corrected).  Measured in 
failures/day.   
 
Usage in the Model:   This rate variable models the rate at which failures are 
corrected by accounting for the average repair time and time spent waiting for 
spare parts.   
 
Algorithm Representation: 
 

deadlined corrective maintenance completion rate = IF 
THEN ELSE(Deadline Corrective Maintenance 
Actions>=0,1/(average admin log parts delay per 
failure+avg repair time per DL failure),0) 
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Deferred Corrective Maintenance Generation Rate:  The rate at which deferred 
maintenance is accrued (rate at which deferred failures occur).  Measured in 
failures/day.   
 
Usage in the Model:   This rate variable is set equivalent to the deferred failure 
classification rate.   
 
Algorithm Representation: 
 

deferred corrective maintenance generation rate = deferred 
classification rate 

 
 
Deferred Corrective Maintenance Actions:  The stock of deferred maintenance 
actions existing in the fleet of vehicles.  Measured in actions.  
  
Usage in the Model:   This stock models accumulation and depletion of deferred 
corrective maintenance actions arising from deferred failures and depleted by the 
completion of deferred maintenance.   The stock’s initial value is zero (0). 
 
Algorithm Representation: 
 

Deferred Corrective Maintenance Actions =  

∫ + rate,0 completionmaint  corrective DF-rate generationmaint  corrective DF  

 
 
Average Repair Time per Deferred Failure:  A random variable that accounts for the 
length of time needed to complete each deferred failure corrective action.  
Measured in days/failure.  
 
Usage in the Model:   Similar to the average repair time of deadlining faults, this 
rate variable models the time required to conduct the actual maintenance (or the 
average repair time to diagnose, replace and test the failure), but not the time 
required waiting for spare parts.  Deferred failures tend to be less serious and 
simpler than deadlining failures, therefore taking less time to repair on average. 
 
Algorithm Representation: 
 

average repair time per deferred failure = RANDOM 
NORMAL(0.25,2,1,0.2,0) 
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Available Deferred Maintenance Schedule:  The available schedule for completing 
deferred corrective maintenance between field exercises.  This variable serves to 
ensure that deferred maintenance is not conducted during operational field 
cycles and is therefore measured as dimensionless.   
    
Usage in the Model:   Deferred maintenance begins once the unit completes its 
operational cycle (60 day field problem) and can last as much as 120 days, or 
essentially until the next field problem begins depending on the amount of 
deferred maintenance that has accrued during the field exercise.  This pulse train 
also prevents deferred maintenance from occurring while the unit is in its 
operational cycle. 
 
Algorithm Representation: 
 

available deferred maintenance schedule = PULSE 
TRAIN(61,120,180,FINAL TIME) 

 
 
Deferred Corrective Maintenance Completion Rate:  The rate at which deferred 
corrective maintenance is completed.  Measured in failures/day.   
 
Usage in the Model:   This rate variable models the rate at which deferred 
maintenance is completed similar to the deadline maintenance completion rate 
variable.  However, in this case we also include the effect of schedule on when 
the deferred maintenance is conducted to prevent deferred maintenance from 
occurring during a field exercise.   
 
Algorithm Representation: 
 

deferred corrective maintenance completion rate = IF 
THEN ELSE(Deferred Corrective Maintenance 
Actions>=0,1/(avg repair time per DF failure+average 
admin log parts delay per failure)*available deferred 
maintenance schedule 
,0) 
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Figure 3-9: System Maintenance Module Stock and Flow Man-Day Sub-Model 

 
This Man-Day Sub-Module models the activities of the workforce in response to 
maintenance activities.  Its purpose is two-fold: first, as a verification 
methodology to ensure that we are appropriately and realistically modeling 
maintenance work generation and completion; second, to account for the number 
of mandays accrued during maintenance activities so that its resulting personnel 
cost may be developed in the O&S Cost module.   
 
Work Generation Rate:  The rate at which all maintenance work (deferred, 
deadlining, and preventative) is generated. Measured in mandays/day.   
 
Usage in the Model:   This rate variable simply adds up the amount of daily 
maintenance work generated for all maintenance activities (preventative, 
immediate and deferred). 
 
Algorithm Representation: 
 

work generation rate = prev periodic maint generation 
rate+DF corrective maint generation rate+DL corrective 
maint generation rate 

 
 
# Of Mechanic Man-Days:  This stock models accumulation and depletion of man 
days of maintenance actions arising from the generation all maintenance 
activities failures and depleted by their completion.  The stock’s initial value is 
twenty (20) to represent an assumed maintenance workforce of 20 servicemen. 
Measured in mandays.  
 
Usage in the Model:   No further explanation required. 
 
Algorithm Representation: 
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# Of Mechanic Man-Days = 

∫ rate,20 completionwork -rate generationwork  

 
 
Work Completion Rate:  The rate at which all maintenance work (deferred, 
deadlining, and preventative) is completed. Measured in mandays/day.   
 
Usage in the Model:   This rate variable simply adds up the amount of daily 
maintenance work completed during all maintenance activities (preventative, 
immediate and deferred).  
 
Algorithm Representation: 
 

work completion rate = IF THEN ELSE("# of Mechanic 
Man Days">=0,DF corrective maint completion rate+DL 
corrective maint completion rate+"prev / periodic maint 
completion rate",0) 
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Figure 3-10:  O&S Cost Module Stock and Flow Model 
 
The O&S Cost module accounts for the costs of personnel, replacement parts and 
facilities directly attributable to the technology.  No account for inflation is made 
in this investigation.  An important output of the O&S cost module is a 
calculated O&S cost per mile that can be directly attributed to the technology, 
and is therefore referred to as a fractional O&S cost.  Also note that all of the 
stocks in this module accumulate only because they have no depletion 
mechanism (no outflow rate variable).  This accumulation structure allows us to 
capture the historical inertia of the system and calculate the fractional cost per 
mile as it changes over the lifetime of the vehicle as a direct result of a particular 
technology.   
 
 
Average Maintainer Salary:  The total cost per day of a maintainer, including 
salary, housing, food allowances, health care, etc.  Measured in dollars/day.   
 
Usage in the Model:   This rate represents the average total daily cost for each 
serviceman.  The Center for Strategic and Budgetary Analysis reported that the 
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total cost for each serviceman is approximately $106,000 per year including many 
variables such as salary, health care, allowances, benefits, etc.127  Assuming each 
serviceman works 240 eight hour days per year, we can derive a daily cost of  
$440.  
 
Algorithm Representation: 
 

average maintainer salary = constant = 440 
 
 
Personnel Cost Rate Per Day:  The rate at which manpower costs (attributable only 
to maintenance) are accrued per day.  Measured in dollars/day.   
 
Usage in the Model:   This rate variable describes the daily cost of personnel by 
multiplying the amount of work completed by the cost to complete the work.  
 
Algorithm Representation: 
 

personnel cost rate per day  = work completion rate*avg 
maintainer cost per day 

 
 
Cost of Personnel:  The accumulating stock of the cost of manpower used in 
maintenance.  Measured in dollars. 
 
Usage in the Model:   This stock models accumulation manpower costs resulting 
from maintenance.  The stock’s initial value is zero (0). 
 
Algorithm Representation: 
 

Cost of Personnel = ∫ + day,0per  ratecost  personnel  

 
 
Cost per Part:  The procurement cost of a replacement part.  Measured in 
dollars/part.   
 
Usage in the Model:   This variable is held constant at $500 per part.  $500 is the 
target cost per 25kW battery, the technology modeled in this investigation, by the 
year 2010.128 

                                                 
127 Center for Strategic and Budgetary Analysis.  Military Compensation: Requirements, Trends and 
Options. by Steven Kosiak. Washington, D.C., February 2005.  p2.  
128 US DOE 2004 Report on Energy Storage Research and Development, p7. 
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Algorithm Representation: 
 

cost per part = constant = 500 
 
 
Parts Cost Rate Per Day:  The rate at which parts costs accrue per day.  Measured 
in dollars/day 
 
Usage in the Model:   This rate variable models the procurement cost of parts by 
multiplying the cost per part by the number of failures occurring.  It’s important 
to again note the assumption of non-repairable parts here.   
 
Algorithm Representation: 
 

parts cost rate per day = cost per part*(DF corrective maint 
completion rate+DL corrective maint completion rate) 

 
 
Cost of Replacement Parts:  The accumulating stock of the cost of parts used in 
maintenance over the system lifetime.  Measured in dollars. 
 
Usage in the Model:   This stock models accumulation part procurement costs 
resulting from maintenance.  The stock’s initial value is zero (0). 
 
Algorithm Representation: 
 

Cost of Replacement Parts = ∫+ day,0per  ratecost  parts  

 
 
Cost of Evacuation:  The cost in moving a deadlined vehicle from the point of 
failure (generally in a training area) to the maintenance area or moving the 
maintenance crew to the point of failure from the maintenance area.  Measured 
in dollars/failure.   
 
Usage in the Model:   This rate variable is held constant and assumes an absolute 
cost to evacuate a down vehicle from point of failure to a maintenance contact 
area.  This cost would be representative of the costs of towing the vehicle, fuel for 
the maintenance team to get on-site, etc.  This investigation assumes $10/failure.  
 
Algorithm Representation: 
 

cost of evacuation = constant = 10 
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Storage Cost per Part:  Cost to store an individual replacement part.  Measured in 
dollars/part.  
 
Usage in the Model:   All units will have a limited supply of spare parts.  The 
storage cost is representative of building space, security requirements, safety 
requirements for hazardous chemicals, etc.  This investigation assumes this cost 
to be $10 per part (battery).  
 
Algorithm Representation: 
 

storage cost of per part = constant = 10 
 
 
Authorized Stockage Level:  Number of spare parts per day that the organization 
keeps on hand.  Measured in parts/day.  
 
Usage in the Model:   As mentioned above, all units store a limited number of 
certain types of high demand parts.  We model the number of a certain type of 
part the unit is authorized to store as its “authorized stockage level.” Generally, 
units want to have 3 days of supply on hand, so 3* the deadline rate is 
appropriate.  However, for critical items, units will want to have a certain 
minimum level of parts, which we assume in this case to be 3 parts (Li-Ion 
batteries).  Given that a fleet of 54 vehicles has 810 batteries in its vehicles, these 
stockage levels seem reasonable.  The algorithm below allows for the stockage 
level to increase if the failure rate warrants.   
 
Algorithm Representation: 
 

authorized stockage level = MAX(3*deadline classification 
rate,3) 

 
 
Spare Part Total Storage Cost:  The total cost of storing spare parts that accounts for 
the number of parts to be stored per day and the storage cost/part.   
 
Usage in the Model:   This rate variable multiplies the cost per part by the number 
of parts the unit is storing.   
 
Algorithm Representation: 
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spare part total storage cost = storage cost per 
part*authorized stockage level 

 
 
Facilities Cost Rate Per Day:  The rate at which facilities costs accrue per day.  
Measured in dollars/day.   
 
Usage in the Model:   This rate variable models the accumulation of facilities costs 
resulting from maintenance, specifically the facilities cost to store parts and the 
cost to evacuate vehicles to the repair facility.   
 
Algorithm Representation: 
 

facilities cost rate per day = spare part total storage 
cost+(cost of evacuation*deadline classification rate) 

 
 
Cost of Facilities:  The accumulating stock of facilities costs incurred over the 
lifetime of the system.  Measured in dollars.   
 
Usage in the Model:   This stock models the accumulation of facilities costs 
resulting from maintenance.  The stock’s initial value is zero (0). 
 
Algorithm Representation: 
 

Cost of Facilities = ∫ + day,0per  ratecost  facilities  

 
 
O&S Cost Accumulation Rate per Day:  The combined rate of personnel, parts and 
facilities costs that accrue each day.  Measured in dollars/day.  
 
Usage in the Model:   This rate variable simply adds up the organizational daily 
expenditures in facilities, replacement parts and personnel. 
 
Algorithm Representation: 
 

O&S cost accumulation rate per day = facilities cost rate 
per day + personnel cost rate per day + parts cost rate per 
day 
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Total Maintenance Related O&S Cost Accumulation:  The combined accumulating 
stock of personnel, parts and facilities costs that accrue each day.  Measured in 
dollars.   
 
Usage in the Model:   This stock accumulates the total O&S related expenditures 
directly attributable to the cost of maintaining the technology/component.  The 
stock’s initial value is zero (0). 
 
Algorithm Representation: 
 

Total Maintenance Related O&S Cost Accumulation = 

∫ + ,0day"per  rateon accumulaticost  S&O"  

 
 
Operational Load Accretion Rate:  The rate at which operational load accrues across 
the organization’s fleet of vehicles.  Measured in miles/day.  
 
Usage in the Model:   This rate variable represents the daily organizational 
operational mileage for the entire unit (battalion) as accrued by its operating fleet 
(this discounts the deadlined vehicles which do not accrue mileage).    
 
Algorithm Representation: 
 

operational load accretion rate = actual operational load 
 
 
Cumulative Operational Load:  The total stock of accumulated operational load 
experienced by the organization’s fleet of vehicles.  Measured in miles.   
 
Usage in the Model:   This stock models accumulation of organizational 
operational miles.  The stock’s initial value is initialized at 378 (54 vehicles *7 
miles per day = 378). 
 
Algorithm Representation: 
 

Cumulative Operational Load = ∫+ rate,0accretion  opload  

 
Cost per Mile:   The total accumulated O&S cost accrued by the battalion divided 
by the total number of operational miles driven by the organization.  Measured 
in dollars/mile.   
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Usage in the Model:   This rate variable is of key importance because it is our 
indicator of fractional O&S cost as attributable to the maintenance cost of a given 
component, in this case our energy storage (battery) component technology.  We 
divide one accumulating stock by another (total maintenance related O&S Cost / 
cumulative operational load) to capture the historical inertia behind this metric.  
Note, that this is essentially calculating a moving average for our indicator of 
interest, meaning that we may need to truncate the data set depending on the 
behavior of the system.   
 
Algorithm Representation: 
 

cost per mile = "Total Maintenance Related O&S Cost 
Accumulation"/Cumulative Operational Load 

 
 

4.0 Problem Resolution 
Having described the problem in Section 1, surveyed the available literature in 
the community in Section 2, and explaining the analytical approach to 
addressing the problem in Section 3, we now turn our attention to the results.  
Section 4.1 describes how we execute the simulation model described in Section 3 
and test our hypothesis.  Section 4.2 explains how we alter select parameters 
within the model to test the sensitivity of our results to changes in the input 
parameters.  Section 4.3 describes our verification and validation activities.  

4.1 Model Execution and Results 

4.1.1 Model Execution Scheme 
As the primary focus of this work is to examine the relationship between 
reliability and the attributable O&S cost, we will vary the Inherent Reliability 
variable within the System Performance Module of our model.   The inherent 
reliability is modeled as the constant failure rate (λ) for each level of reliability.  
1/λ tells us the expected Miles Between Failures.  The Observed Failure Rate is 
then calculated using the exponential distribution where the expected reliability 
can be determined as tetR λ−=)(  and the Observed Failure Rate is 
simply )(1)( tRtF −= .  The simulation model is run one time for each value of λ 
over the entire time horizon of 20 years with a time step of one day, or 7300 days.  
Table 4-1, (Simulation Run Matrix) shows how we executed the model for each 
value of reliability.  Also highlighted is the derived reliability data for our 
estimated energy storage component technology: a bank of 15 Li-Ion Batteries, 
each rated at 25kW.    
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Table 4-1 Simulation Run Matrix 

50000 0.00002 0.0076 0.99 1 99% Reliable
25000 0.00004 0.0152 0.98 2 98% Reliable
15000 6.67E-05 0.0252 0.97 3 97% Reliable
10000 0.0001 0.0375 0.96 4 96% Reliable
8000 0.000125 0.0467 0.95 5 95% Reliable
7000 0.000143 0.0532 94.7 6 Li-Ion Predicted
6000 0.000167 0.0617 0.94 7 94% Reliable
5000 0.0002 0.0736 0.93 8 93% Reliable
4500 0.000222 0.0815 0.92 9 92% Reliable
4000 0.00025 0.0912 0.91 10 91% Reliable
3500 0.000286 0.1035 0.90 11 90% Reliable
3000 0.000333 0.1197 0.88 12 88% Reliable
2500 0.0004 0.1418 0.86 13 86% Reliable
2000 0.0005 0.1740 0.83 14 83% Reliable
1500 0.000667 0.2250 0.78 15 78% Reliable
1000 0.001 0.3177 0.68 16 68% Reliable

500 0.002 0.5345 0.47 17 47% Reliable
467 0.002143 0.5593 0.44 18 44% Reliable
250 0.004 0.7833 0.22 19 22% Reliable
150 0.006667 0.9218 0.08 20 8% Reliable
100 0.01 0.9781 0.02 21 2% Reliable
50 0.02 0.9995 0.00 22 0% Reliable

Observed 
Failure Rate

Miles Btwn 
Failures

λ 
(lamda)

Simulation Run 
Name

System 
Reliability

Simulation 
Run #:

 

Post Processing 
Post-Processing describes the techniques used to collect and manipulate data 
upon completion of a single or series of simulation runs.  Once the simulation 
run is complete, the model captures the instantaneous values of all 64 variables 
at the end of each time step, yielding about 46,000 data points for each run.  The 
Vensim software allows us to export the data for that run into a MS Excel 
worksheet where further post-processing analysis can be performed.  

Common Random Numbers 
Since we are using random numbers in multiple places throughout our model, 
it’s important to discuss how we treat such variables.  First, note that simulations 
typically employ a random number generator to generate random variables and 
that such generators usually begin with a seed number.  Because these generators 
are algorithmic, if a single random number generator uses the same seed value, it 
will generate the same resulting variate.  In our analysis, we will use this ability 
to randomly generate a similar stream of random numbers to our advantage as a 
variance reduction technique called “common random numbers.”  Law and 
Kelton explain the usage of this technique as a method of comparing alternatives 
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under similar experimental conditions.129  This allows us to be more confident 
that the resulting system behavior in the simulation is due to differences in 
performance rather than differences in experimental conditions.   

Truncating the Data Set 
As noted in Section 3.4.6 where we defined the algorithm for “Cost per Mile” 
(~p.83), we are dealing with a moving average.  Also note below in Figure 4-1, 
that the system behavior exhibits a warm-up period prior to reaching its 
oscillating steady state behavior.  Therefore, when calculating the average steady 
state cost per mile attributable to the reliability of a given technological 
component (in our case-study, Li-Ion batteries), we will truncate (remove) the 
first portion of the data set for all resulting simulation runs during analysis.  
While Law and Kelton discuss various mathematical techniques for determining 
the point of truncation,130 a simple visual inspection tells us the within 2 years 
(730 days), the warm-up period is essentially complete.  Law also notes that a 
good heuristic is to never allow the warm-up period truncation point to 
encompass more than 10% of the total simulation length.131   

4.1.2 Base Case Results 
Our base case results are developed by exercising the model using the Predicted 
Li-Ion reliability of 94.7% or about 7000 miles between failures.  Here we note the 
typical System Dynamic behavior of S-Shaped Growth with Overshoot and 
Oscillation (refer to Section 2-4, Figure 2.9).  The X-axis is measured in days from 
0 – 7300 (representing a 20 year operating life; 365 x 20 = 7300).  The Y-axis is 
measured in dollars / mile.  The oscillation is caused through the non-linear 
interaction of spikes in the accumulation of operational mileage during field 
exercises, where cost decreases followed by recovery periods between field 
exercises, where cost tends to increase.  Attributable O&S cost decreases during 
field exercises because only immediate corrective maintenance is performed (this 
decreases the numerator of ‘cost/mile’). Simultaneously, the unit is actively 
accumulating operational mileage (which increases the denominator of 
‘cost/mile’).  When averaging the truncated results, we find that we can attribute 
an increase in cost per mile to this component of approximately $0.74 per mile in 
the base case (Predicted Li-Ion; at 94.7% reliability).   

                                                 
129 Law, A.M. and W. D. Kelton. 2000. Simulation Modeling and Analysis. Boston: McGraw-Hill. 
p581. 
130 Law and Kelton, Chaper 9.  
131 Law, Averill M.:  Course Notes from Dr. Law’s seminar entitled “Simulation Modeling for 
System Design and Analysis: Fundamental Principles,” attended 22-24 March, 2004.   
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Figure 4-1:  Attributable O&S Cost per Mile for the Base Case (Predicted Li-Ion) 
 

Key Variable Behavior at Selected Parameters 
The Number of Operational Vehicles variable depicts the size of operating fleet over 
its useful life as it undergoes a duty cycle of field exercises followed by recovery 
and maintenance time periods.  Note that as reliability decreases (causing more 
deadlining failures to occur), the operating fleet shrinks at greater and greater 
rates during field exercises.  Also note that we’ve only shown the first 4 years of 
operating life (vice the entire 20) to enhance readability of the graph.  Finally, 
observe how unreliable components decimate the operating fleet, at some points 
not even able to fix all deficiencies between field problems.  The legend indicates 
the reliability levels (8% = 8% reliability of the component, etc).  The y-axis 
represents the number of operational vehicles, with a fleet maximum size of 54 
vehicles.    
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Figure 4-2 Effect of Reliability on the Size of the Operational Vehicle Fleet  
 
The Actual Operational Load variable depicts the number of miles driven by the 
operating fleet.  Note that as reliability decreases, fewer operating miles are 
driven because the fleet decreases in size.  Again, only 4 years are shown for 
clarity.  The y-axis represents fleet operational mileage, with a maximum of 54 
vehicles in the fleet each driving 7.08 miles per field day; the maximum load is 
therefore 382.32 miles per day.  
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Figure 4-3 Operational Mileage Driven by the Fleet Decreases as Fleet Size Decreases 
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The Observed Failure Rate variable affects how many failures occur during a field 
exercise.  Note how more failures occur at lower reliability levels, with up to 5 
failures per day at the 8% reliability level.  However, at the 99% reliability level, 
failures rarely occur and when they do, never more than one failure occurs in a 
given day.  Again 4 years are shown for clarity; the y-axis represents number of 
failures in a given day.  
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Figure 4-4 Observed Failure Rate at High and Low Reliability Levels 

 
The Number of Defects variable displays how defects accrue within the operating 
fleet of vehicles and are reduced through either an induced failure or through 
periodic maintenance once the unit is out of the field.  Again only 4 years are 
displayed for clarity; the y-axis represents the number of defects across the fleet 
in a given day.  
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Figure 4-5 Accruing and Depletion of Defects 
  
The Induced Failure Rate variable depicts how defects and other catastrophic 
failures may cause additional failures during field exercises.   Again, 4 years are 
shown for clarity and the y-axis indicates number of induced failures.   
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Figure 4-6 Induced Failures Arising from Defect Generation and Sympathetic Failures 



 91

 
The Defect Reduction Rate variable depicts how preventative maintenance reduces 
the number of defects in the operating fleet as periodic maintenance is executed.  
Again, 4 years are shown for clarity and the y-axis indicates number of defects. 
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Figure 4-7 Defect Reduction Rate during Periodic Maintenance 
 
The Total Failures variable depicts the build-up of total failures in the system.  
Note that as reliability decreases, failures increase.  Again, 4 years are shown for 
clarity and the y-axis indicates the total number of failures. 
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Figure 4-8 Total Failures 
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Preventative Maintenance Actions.   
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Figure 4-9 Preventative / Periodic Maintenance Actions 
 
Deadline Corrective Maintenance Actions: 
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Figure 4-10 Deadline Corrective Maintenance Actions 
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Deferred Corrective Maintenance Actions: 
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Figure 4-11 Deferred Corrective Maintenance Actions 
 
Average Repair Time per Deadlining Failure: 

avg repair time per DL failure
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Figure 4-12 Average Deadline Repair Time 
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Average Administrative and Logistical Parts Delay:  

average admin log parts delay per failure
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Figure 4-13 Average Administrative Delay for Spare Parts 
 
The Accrual of Repair Actions needing to be performed is displayed in Figure 4-
14 below and measured in man-days.  Low reliability increases the demands on 
maintenance personnel.  Repair actions build up during field problems and are 
completed between field problems, causing the oscillating behavior below.  As 
noted in Section 2.4, this is another example of structure driving behavior.  Four 
years shown for clarity; y-axis: # of man-days.  
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Figure 4-14 Impact of Reliability on Maintenance Time Required 
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The Cost of Personnel variable reflects the cost of manpower as related to 
maintenance actions.  As reliability decreases, greater maintenance manpower is 
required to bring the operating fleet back into service and thereby inducing more 
and more cost.  Note the dramatically different slopes for each line as reliability 
continues to decrease.  Again, 4 years are shown for clarity and the y-axis is 
measured in dollars. 
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Figure 4-15 Accrual of Personnel Costs as a Factor of Reliability 

 
The Cost of Replacement Parts variable measures the accrual of spare parts related 
expenses as a factor of reliability.  As with personnel costs, the slope of each line 
dramatically increases as reliability decreases.  Again, 4 years are shown for 
clarity and the y-axis is measured in dollars. 
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Figure 4-16 Accrual of Replacement Parts Costs 
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The Cost of Facilities variable measures the effect of reliability changes on facility 
costs.  Again, 4 years are shown for clarity and the y-axis is measured in dollars. 

Cost of Facilities
60,000

45,000

30,000

15,000

0
0 146 292 438 584 730 876 1022 1168 1314 1460

Time (Day)

Cost of Facilities : 8% dollars
Cost of Facilities : 44% dollars
Cost of Facilities : 78% dollars
Cost of Facilities : 95% dollars

 
Figure 4-17 Accrual of Facilities Costs 

 
The Authorized Stockage Level variable measures how much inventory of spare 
parts the unit must maintain based upon the reliability of its replacement parts.  
Our algorithm assumed that we always wanted to have at least 3 days of spare 
parts supply on hand.  Therefore, as reliability decreased and more spare parts 
are required, the amount of spare parts we must store also increases.  Again, 4 
years are shown for clarity and the y-axis is measured in # of parts.   
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Figure 4-18 Storing More Parts as Reliability Decreases 
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4.1.3 Alternate Case Results (Hypothesis Testing)  
The goal of this analysis has been to develop a relationship between a 
component’s reliability and its attributable increase to O&S cost.  More simply, 
what fractional increase (or decrease) in O&S cost can be attributed to a change 
in the component’s reliability?  In section 1.2 (Problem Statement), we wanted to 
understand the nature of this relationship: is it linear, exponential, step-wise, etc?  
Figure 1-6 from Section 1.2 best illustrates this question in graphical format.  
Understanding the answer to this question will help the system or technology 
developer make decisions as to what level of reliability they should push their 
given technology towards prior to implementation in a given system planned for 
development and operational employment.     
 
Figure 4-19 shows that as expected, we find that attributable O&S cost per mile 
increases as reliability decreases.  Again, note the S-Shaped Growth with 
Overshoot and Oscillation, trending towards a steady state behavior.  The y-axis 
indicates dollars per mile.   
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Figure 4-19 Attributable O&S Cost per Mile as a Factor of Component Reliability 

 
While Figure 4-19 shows a predictable increase in attributable O&S cost as 
reliability decreases, the point of this analysis is to examine the nature of this 
relationship.  Therefore, we’ve exported the simulation outputs for all of the runs 
in the run matrix into an MS Excel workbook for further analysis.  As discussed 
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in section 4.1.1, we’ve truncated the data set to exclude the visible warm-up 
period exhibited by the system in its early stages.  Figure 4-20 below indicates the 
results of this analysis.  The blue line shows the model output results, displaying 
our truncated average cost per mile as related to reliability levels.  The black line 
indicates the results of our trend line analysis to determine a best approximation 
for the relationship.  Linear, 2nd order polynomials, 3rd order polynomials, and 
exponential equations were all fitted to the data, with the exponential decay 
function exhibiting the best fit.  Note the correlation of exponential decay to the 
data with R2 indicating a very strong correlation.   These results clearly indicate 
we should reject our dynamic hypothesis stated in section 3.3.1.  There is no 
‘knee in the curve;’ it changes uniformly.  We discuss the potential meaning of 
these results in Section 5 and the sensitivity of these results in Section 4.2.   
 

Reliability vs. Fractional Cost Per Mile
With Non-Linear (Exponential) Trend Analysis
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Figure 4-20 The Relationship between Reliability and Attributable O&S Cost per Mile 

 
 

4.2 Sensitivity Analysis 
Sensitivity analysis is the deliberate examination of those variables, parameters 
or assumptions within a model which may have a potentially significant impact 
on the model’s results or on the decisions to be made using those results.   Given 
that we have found a strong relationship between the exponential decay function 
and our modeling outputs, the goal of our sensitivity analyses will be to 



 99

determine which (if any) variables change the nature of this exponential 
relationship.   

4.2.1 Altering Parameters 
Upon reviewing our simulation model and the assumptions used to develop it, 
we find three potential sensitivity analysis candidates which may have an affect 
upon our results: the Preventative Maintenance Policy parameters; the Deadlined 
/ Deferred Classification rate; and the Cost per Part.  The sensitivity analysis 
methodology for each of the three candidates is explained below with the results 
presented in Section 4.2.2.  

Preventative Maintenance Policy Sensitivity Analysis 
In Section 3.4.6, we defined a set amount of time necessary to complete 
preventative maintenance for each vehicle.  Specifically, we defined the 
following variable for the time required to perform preventative maintenance on 
each vehicle:  
 

Time Required Per Vehicle:  The amount of time 
required per vehicle to execute its scheduled 
preventative maintenance; measured as days per 
vehicle.   
 
Usage in the Model:  This variable is assumed to be 
normally distributed with a minimum of 1 hour, a 
max of 3 hours and an average of 2 hours, with 
standard deviation of about 20 minutes.  The 
algorithm is converted into days (vice hours) to 
ensure dimensional consistency with the rest of the 
model. 
 
Algorithm Representation: 
time required per vehicle = RANDOM NORMAL 
(0.125,0.375,0.25,0.05,0) 

 
One might argue, however, that the time required to execute preventative 
maintenance could be logically reduced without impact to overall vehicle 
availability if the component reliability level is high.  In essence, one could (as a 
matter of policy) perform less preventative maintenance if the user holds high 
confidence in the reliability of a given component.  To execute this sensitivity 
analysis, we’ll assume a linear relationship between reliability and the amount of 
preventative maintenance time required per vehicle.  More specifically, we’ll 
assume a linear decrease in the amount of preventative maintenance required 
per vehicle as the reliability increases.  Since the random normal distribution 
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used earlier will likely confound the sensitivity analysis, we drop the random 
variable in this sensitivity analysis question.   
 
Figure 4-21 displays the adjustments made to the time required per vehicle variable.  
We’ve set our previous estimate of the average time required per vehicle equal to 
the 75% reliability level, and estimated a linear relationship in the below table on 
the left side of Figure 4-21.  The model allows us to use a look-up function to 
relate the programmed reliability level with a corresponding time value per 
vehicle.  This look-up function is shown on the right side of Figure 4-21.  
Essentially, this method turns our algorithm into a look-up function where in 
each time step it queries the Inherent Failure Rate variable for its value and then 
chooses a preset corresponding value for the time required to perform 
preventative maintenance on each vehicle.  (Note: that the non-linear appearance 
of the blue line is caused by the graph x-y scaling.  The x-axis maximum is set to 
0.02, while the y-axis maximum is set to 1.05.  Setting the scales to show the true 
linearity of the function makes the picture difficult to read.)   
 

Algorithm Representation: 
time required per vehicle = with Look-Up (Inherent Failure 
Rate) 

 

Reliability lamda (λ) Minutes Days
99% 0.00002 5 0.010417
98% 0.00004 10 0.020833
97% 6.67E-05 15 0.03125
96% 0.0001 20 0.041667
95% 0.000125 25 0.052083

94.7% 0.000143 57 0.11875
94% 0.000167 30 0.0625
93% 0.0002 35 0.072917
92% 0.000222 40 0.083333
91% 0.00025 45 0.09375
90% 0.000286 50 0.104167
88% 0.000333 60 0.125
86% 0.0004 70 0.145833
83% 0.0005 85 0.177083
78% 0.000667 110 0.229167
68% 0.001 160 0.333333
47% 0.002 265 0.552083
44% 0.002143 280 0.583333
22% 0.004 390 0.8125

8% 0.006667 460 0.958333
2% 0.01 490 1.020833
0% 0.02 500 1.041667

Preventative Maintenance Factor:
Reliability lamda (λ) Minutes Days

99% 0.00002 5 0.010417
98% 0.00004 10 0.020833
97% 6.67E-05 15 0.03125
96% 0.0001 20 0.041667
95% 0.000125 25 0.052083

94.7% 0.000143 57 0.11875
94% 0.000167 30 0.0625
93% 0.0002 35 0.072917
92% 0.000222 40 0.083333
91% 0.00025 45 0.09375
90% 0.000286 50 0.104167
88% 0.000333 60 0.125
86% 0.0004 70 0.145833
83% 0.0005 85 0.177083
78% 0.000667 110 0.229167
68% 0.001 160 0.333333
47% 0.002 265 0.552083
44% 0.002143 280 0.583333
22% 0.004 390 0.8125

8% 0.006667 460 0.958333
2% 0.01 490 1.020833
0% 0.02 500 1.041667

Preventative Maintenance Factor:

 
Figure 4-21 Time Required for Preventative Maintenance as a Factor of Inherent Reliability 

 

Deadlined / Deferred Classification Rate Sensitivity Analysis 
The Deadlined & the Deferred Classification rate variables parse the total failures 
existing in the operating fleet into deadlining failures (those failures that will 
take the system out of action) and deferred failures (those failures whose repair 
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action can be delayed until after the field exercise).  Recall that we estimated our 
base case parameter values for this variable (shown in Table 4-2 as 70% and 30%) 
based upon verification interviews with subject matter experts.  This sensitivity 
analysis question seeks to determine if a change to our estimate on parsing (or 
classifying) failures into the two categories (deadline or deferred) will affect our 
results.   
 

Table 4-2 Deadline vs. Deferred Faults Classification 

Current (Base Case) 70% 30%
Alternative 1 (Alt 1) 90% 10%
Alternative 2 (Alt 2) 30% 70%

% of Faults 
as Deadline

% of Faults as 
Deferred

 
 
 

Cost per Part Sensitivity Analysis 
This analysis uses the assumption that the component under study is non-
repairable, meaning that it must be replaced upon failures and that the failed 
unit holds little to no reusable qualities.  Therefore, a replacement part cost is 
incurred for every failure.  Our current model uses an industry data estimate of 
$500 per 25kW Li-Ion battery.  The base case yielded the following proportions of 
cost for each category (manpower, parts and facilities) to the total attributable 
O&S cost.   
 

Table 4-3 Proportions of Total Attributable O&S Cost in the Base Case 
Base Case % of Total Cost
Manpower 50%
Parts 18%
Facilities 32%  

 
This sensitivity analysis seeks to determine if (and how) the cost of spare parts 
will change the nature of the relationship between reliability and attributable 
O&S cost.  Table 4-4 below displays the options under consideration in this 
sensitivity analysis.  The rationale for the low cost alternative is to find a low, but 
realistic (not throw-away) level of cost for inexpensive components.  The 
rationale for the high cost alternative is to model a more expensive component, 
but not so much more costly that it would simply be too expensive for the part to 
be classified as non-repairable in the first place.     
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Table 4-4 Cost per Part Sensitivity Analysis Alternatives 

Current (Base Case) $500
Alternative 1 (Low Cost) $50
Alternative 2 (High Cost) $2,000

Spare Part 
Cost

 
 
 

4.2.2 Sensitivity Analysis Results 

Preventative Maintenance Policy Sensitivity Results 
The results of our preventative maintenance sensitivity analysis show that the 
exponential relationship between reliability and attributable O&S cost is largely 
insensitive to an adaptive preventative maintenance policy.  The strongly 
exponential correlation remains, although technically not as strong as the base 
case.  (Refer to Figure 4-22)  We also find that the savings from less preventative 
maintenance at high reliability levels do not pay off as much, while increases in 
preventative maintenance requirements due to low reliability levels adversely 
affect (increase) the attributable O&S costs.  (Refer to Figure 4-23) 
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Figure 4-22 Preventative Maintenance Policy Sensitivity Analysis 
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Reliability vs. Fractional Cost Per Mile
Preventative Maintenance (PM) Sensitivity Analysis
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Figure 4-23 Preventative Maintenance Sensitivity Analysis Results 

 

Deadlined / Deferred Classification Rate Sensitivity Results 
The results of our classification rate sensitivity analysis show that the 
relationship between reliability and attributable O&S cost is largely insensitive to  
changes in the ratio of deadlining vs. deferred failures.  Note that the strongly 
exponential relationship remains, despite changes to our ratio of deadlined vs. 
deferred failures.  Also note how the system is almost completely insensitive to 
an increase in the percentage of deadlining faults (from 70% to 90%), but slightly 
sensitive to a decrease (from 70% to 30%) at the lower ends of the reliability 
spectrum.  The strongly exponential trend remains in all cases.  The decrease in 
the second alternative occurs because the operating fleet actually accrues mileage 
from failures which would have previously taken vehicles out of the fleet.  In 
effect, this holds cost (the numerator in Cost/mile) largely constant while 
operating mileage (the denominator) increases, yielding a net decrease in cost 
per mile attributable to the component.  However, this effect only occurs at the 
lower regions of the reliability spectrum (reliability under 50%).  Additional 
evidence of the strongly exponential trend is provided in table 4-4 showing the 
goodness of fit (correlation) of the results in each case to the exponential decay 
function.   
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Reliability vs. Fractional Cost Per Mile
Fault Classification Sensitivity Analysis
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Figure 4-24 Fault Classification Sensitivity Analysis Results  

 
 

Table 4-5 Goodness of Fit for each Sensitivity Analysis Result 

Current (Base Case) y = 17.049e-3.3068x 0.992
Alternative 1 (Alt 1) y = 17.412e-3.3253x 0.992
Alternative 2 (Alt 2) y = 9.4984e-2.6595x 0.988

Best Fit Exponential 
Equation

Coefficient of 
Determination (R^2)

 
 

Cost per Part Sensitivity Results 
While the nature of the relationship between component reliability and 
attributable O&S cost remains exponential, we see in this analysis the strong 
effect of parts cost on both the total O&S cost and the percentage of O&S cost 
arising from replacement parts.  Table 4-6 shows the percentage of O&S cost 
resulting from parts cost for each of the sensitivity cases.  Note that for the high 
cost alternative, even in the relatively high (94.7%) reliability of the base case, 
parts still accounted for almost half of total O&S cost, vice 2% in the low cost 
alternative.  
 

Table 4-6 Effect of Cost on Percentage of Attributable O&S Parts Cost 

Alternative 8% Reliable 44% Reliable 86% Reliable Base Case
High Replacement Part Cost ($2000/ea) 77% 75% 60% 47%
Base Case ($500/ea) 46% 43% 27% 18%
Low Replacement Part Cost ($50/ea) 8% 7% 3% 2%

Percentage of Replacement Parts Cost to Total O&S Cost

 

Current (Base Case) 70% 30%
Alternative 1 (Alt 1) 90% 10%
Alternative 2 (Alt 2) 30% 70%

% of Faults 
as Deadline

% of Faults as 
Deferred
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Reliability vs. Fractional Cost Per Mile  
Replacement Part Cost Sensitivity Analysis
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Figure 4-25 Replacement Part Cost Sensitivity Analysis Results 

 

4.3 Testing, Verification and Validation 
For a simulation model to be meaningful and useful, it must be tested, verified 
and validated.  We noted in section 3.1.1 that models are abstract, incomplete 
representations of reality.  Therefore no model will ever exactly replicate the 
reality it intends to represent and there is no such thing as an absolutely 
validated model.  However, a model must be ‘close enough’ such that the 
decision maker may use it for a chosen set of decisions with some degree of 
confidence.  This section describes the testing, verification and validation 
measures undertaken to judge the meaningfulness of this model.   
 
It is also worth defining each of these terms prior to proceeding.  Verification is 
the process of determining whether the model is behaving as it was designed, in 
accordance with the initial objectives of the model.  More simply, verification 
determines whether our understanding of the system has been correctly 
translated into the model’s algorithms and structure.  Essentially, verification 
asks if the model was built ‘right.’  Verification usually involves testing, 
debugging, and experimentation performed iteratively throughout the model’s 
development.  Validation, on the other hand, asks if the ‘right’ model was built.  
Validation determines how closely the model represents the intended system, in 
accordance with the original objectives of the model.  Determining whether a 
model is ‘valid’ usually exists within ‘the eye of the beholder’ and must be 
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considered in light of the models objectives and in light of how the model will be 
used.  Accreditation should not be confused with validation.  Accreditation 
merely means that an organization has officially accepted a model as acceptable 
for a given use.   
 
We developed this simulation model using the system dynamics software 
package called ‘Vensim.’  Specifically, we used the Vensim DSS version 5.4b 
software package under license to Virginia Tech.  

4.3.1 Dimensional Consistency 
The majority of equations used in the simulation model employ units such as 
distance, time, events, etc., to describe the inputs and the results of the equation.  
Dimensional consistency is important to ensure that quantities are used correctly.  
To ensure dimensional consistence, two techniques were used: individual 
examination and use of an embedded software tool.  Individual examination 
involved physically comparing the equation of each variable’s algorithm for 
correctness and consistency with its inputs and outputs.  Individual examination 
and inspection occurred iteratively throughout the modeling process to ensure 
consistency and correctness.  The simulation software used in this analysis 
(Vensim) also comes with a feature that automatically compares units between 
each other.  When used, this feature found six dimensional issues.  The author 
individually inspected each issue highlighted by the model’s units check feature 
and found each to be either explained by either the model’s structure, or to be of 
no practical significance to the results of the model.   

4.3.2 Extreme Conditions Testing 
Extreme conditions testing is an important verification technique used to 
determine a model’s robustness.  A model is tested at its extreme conditions 
when particular parameters are set at absurdly high or absurdly low values.  To 
pass, the model should behave in an expected manner in accordance with how 
the real system would behave.  In this case, we tested our model at zero 
reliability and at 100% reliability; at zero maintenance times and at year-long 
maintenance times.  In each case, the model behaved in accordance with our 
expectations about how the real system would behave.   

4.3.3 Structural Verification 
Structural verification involves further individual inspection and less dramatic 
testing than the extreme conditions testing.  For this case study, we wanted to 
ensure that stocks with negative quantities did not appear; that preventative 
maintenance and deferred maintenance occurred only between field exercises; 
that immediate corrective maintenance occurred as soon as a system was 
deadlined; and that the maintenance manpower system behaved appropriately.  
Additionally, we altered specific parameters to check that the system responded 
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in appropriate directions.  For example, we incrementally decreased reliability, 
and checked that the operating fleet also decreased, that more maintenance was 
occurring, that more dollars were spent on replacement parts and that the 
attributable cost per mile also increased.  The most essential structural 
verification activities took place with subject matter experts who examined the 
model, its structure and its algorithms and then passed judgment upon the 
appropriateness and representative ness of the variables and their usage.  
Structural verification testing occurred iteratively during the model development 
process, with errors corrected as they were found.  

4.3.4 Behavioral Validity 
Behavioral validity refers to the accuracy of the model’s behavior when 
compared to the behavior of the system the model intends to represent.  
Comparing the model’s behavior to the behavior of the actual system is the focus 
of behavioral validation.   
 
To validate the model, we requested and received data from the US Marine 
Corps Logistics Base located at Albany, GA on a specific component of the M1A1 
tank involved with its physical mobility.  While the data provided is not sensitive 
and was provided by the Marine Corps fully knowing its use in validating our 
model, we’ll still refer to this component as component X.  From the data 
provided, we examined a single year (2004) for a single Marine armor battalion 
comprised of 54 tanks.  From the data, we found that this battalion drove an 
average of 300 miles for each tank and that this operating tempo required the 
replacement of 160 units of component X, at a cost of $491 each.  From the data 
provided we backwards calculated an estimated Mean Time Between Failures 
(MTBF) and assumed that component X followed the same constant failure rate 
trend assumed in our model.  For this validation effort, we also modified the 
duty cycle of the unit to match the assumed duty cycle of the armored battalion 
during this time.   
 
Our validation efforts determined that a complete validation of the model is not 
possible.  Therefore, I next present a partial validation.  A complete validation is 
not possible because the Marine Corps, and the services in general, track most of 
the variables used in our simulation, but not all of them.  Specifically, the 
services (Army and Marine Corps) track a vast array of data elements about 
maintenance, but do not associate the cost of maintenance manpower with the 
amount of maintenance manpower.  More simply, the material cost of 
replacement and repairable costs are tracked, as well as how many hours of labor 
are required to perform the maintenance, but the hourly cost of manpower is not 
associated with the maintenance.  Additionally, the cost of facilities is not 
associated with the maintenance of individual components.  While a number of 
valid reasons exist for how the services track operating and support costs, the 
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fact that our model associates costs slightly differently eliminates the potential 
for a complete validation.   
 
Given that in the real system the manpower and facilities cost of maintenance are 
not explicitly tracked and associated as in our model, we completed a partial 
validation on the material cost of maintenance.   The data provided indicated 
that component X had an average material cost per mile for the time period of 
$4.87.  The simulation output found an average material cost per mile 
attributable to component X as $4.29, approximately 12% from the actual value.  
Figure 4.26 shows these results along with 10% and 15% error bars drawn 
around the actual value.    
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Figure 4-26 Validation Results 

 
While Figure 4-26 above indicates fairly good association of our model’s results 
with those experienced in the real system, we also note several important issues 
involved with this validation.  First, the US Marine Corps and US Army are 
currently experiencing atypical duty cycles driven by Operation Iraqi Freedom, 
Operation Enduring Freedom, and the Global War on Terrorism.  In contrast, we 
developed this model according to the Office of the Secretary of Defense (OSD) 
cost estimating guidelines which call for ‘peace-time’ assumptions.  Since we are 
using historical data from an atypical duty cycle, it’s therefore possible that the 
values we derived from the data set may not be the precise actual values of 
component X’s performance.  Second, as noted earlier, no data readily existed to 
validate the cost of manpower or the cost of facilities.  Given these verification 
and validation results, the choice of trusting this model’s outputs still lies with 
the decision maker.   
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5.0 Conclusions 
Section Four discussed the results, examined the sensitivity of those results, and 
detailed our efforts in testing, verification, and validation.  In Section Four, we 
found that the relationship between reliability and attributable O&S cost is 
exponential decay.  In this section, we turn our attention to interpreting those 
results, translating them for use by technology and system developers, 
identifying areas where this research contributes the literature, and describing 
areas for further research and extension of these results.   
 

5.1 Interpreting the Results 
Reviewing our results in the MEFFV case study for the energy storage 
component, we found an exponential decay relationship as shown in figure 4-20 
and exhibited by the equation xey 3068.3049.17 −= .  One can either manipulate 
the equation mathematically, or simply evaluate it at each value for x between 
zero and one (i.e. evaluate it for each percent in reliability between 0 – 100%).  
Upon doing so, we find that for every percent gained in reliability we save about 
3.25% in attributable O&S cost per mile.  When starting with low levels of 
reliability, an increase of 1% in reliability will yield much larger gains than a 1% 
gain at higher reliabilities.  The important result is that the relationship is exponential 
decay and therefore the savings in O&S cost per mile is proportional for any fixed 
increment of increased reliability.   
 
We developed this analysis using our MEFFV case study and using specific 
parameters for each variable.  However, it’s important to note that it’s not the 
parameters of the equation that matter; it’s the relationship of exponential decay.  The 
parameters will change for each technology under consideration.  We observed 
some of these changes in the sensitivity analysis where we altered replacement 
cost, time required to perform periodic maintenance, and the resiliency of the 
system (the percent of failures for that component which take the system out of 
action).   An important result from our sensitivity analysis was finding that 
although the parameters of the equation may change, the relationship remained 
as exponential decay. 
 
Section 4.3.4 (Behavioral Validation) described that the services include only the 
material cost of maintenance in the cost per mile calculations for a given 
component.  The logic is, of course, that the manpower and facilities costs are 
sunk costs which must be paid regardless.  This makes sense given that they are 
dealing with an ‘as is’ system.  However, since the focus of this analysis is on assisting 
technology and system developers early in the DoD system development process, we feel 
it’s important to associate manpower and facilities costs with component reliability in 
this analysis.   
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An interesting result of Figure 4-20 is the seemingly low payoff for increasing 
reliability when the reliability level is already high.  For example, in this case 
study at 95% reliability, the attributable O&S cost savings will be only $0.02 for a 
1% gain in reliability.  Seemingly small, the Marine Corps would actually save 
over $164,000 (in undiscounted dollars; over all 403 tanks in its inventory) during 
the expected 20 year operating life of the system.  A more difficult to quantify 
benefit from an increase in reliability comes in terms of battlefield success and 
the saved lives of Marines and Soldiers.  While we intentionally did not examine 
this aspect of reliability during this analysis, it cannot be ignored.  Armored 
fighting vehicles, the focus of this analysis, are critical warfighting systems and 
tend to have non-linear influences on the battlefield.  Their presence offers 
survivability, firepower, mobility, and shock action.  When absent due to 
unreliability or other factors, the success of US ground forces in battle (and 
therefore the lives of Marines and Soldiers) may hang in the balance.  Therefore, 
the gain resulting from a small increase in reliability may go far beyond the 
dollar savings we quantify in this analysis.   
 

5.2 Applications to System & Technology Developers 
System and technology developers often face difficult application decisions with 
no easily determined solutions.  As a result, they continually seek methods to 
reduce risk and uncertainty in their program or technology development cycle.  
The analysis methodology developed here is a useful addition to the risk 
reduction toolkit of system or technology developers early in their process where 
the greatest uncertainty exists.  As noted in Section 1 (Introduction, Figure 1-4 
and Figure 1-5), by the time our requirements are set, early in the conceptual 
development stage, we’ve already committed most of the life-cycle cost to a 
program.  Therefore, a system or technology developer must pay close attention 
when considering decisions at point of potential ‘design lock-in.’  This analysis 
examined one such point, where the requirements set for our case study in terms 
of a ‘silent watch’ capability pushed the design toward a hybrid electric 
configuration.  An argument could be made that given existing internal 
combustion technology, this requirement decision locks the eventual design as a 
hybrid electric.  Since the hybrid electric configuration of an armored fighting 
vehicle is relatively unproven and immature, the reliability analysis of such a 
choice provides useful information for consideration in the developer’s ultimate 
decision.  Our case study presented here is an example of how a technology or 
system developer might best apply the methodology developed as a risk 
reduction technique.  It is not intended that each design decision requires such 
an analysis.  Rather, that a system or technology developer could employ this 
methodology to reduce decision making risk early in the process at points of 
design lock-in or at other points where little is known about the long term cost 
performance of potential design solutions.   
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For example, a system or technology developer might begin by adapting the 
existing modeling structure developed for this analysis to the particular to the 
system and candidate technology in question.  Next, a system or technology 
developer can use the estimated performance parameters unique to the 
technology and to the system and exercise their adapted model as a base case.  
Given that the O&S cost savings will follow a predicted exponential decay curve 
from the base case results, the decision maker now has information about how 
much in life cycle O&S cost can be saved by increasing the reliability of the 
technology or component under study.  The following paragraphs discuss how 
the developer can use the attributes of this information.   
 
Our modeling results clearly indicate we should reject our dynamic hypothesis, 
as stated in section 3.3.1.  There is no ‘knee in the curve.’  It changes uniformly.  
While no ‘knee in the curve’ exists, the aspect of diminishing returns remains, 
but only as a constant factor.  Therefore, for the system and technology 
developer early in the DoD system development process, the decision comes 
down to a matter of thresholds with multiple attributes to consider.   
 
One attribute to consider is the Research and Development (R&D) cost associated 
with raising the reliability of a component, especially when the reliability is 
already high.  Ignoring the vagaries of funding availability in the S&T 
community, a logical approach would be to estimate if the cost associated with 
raising the reliability a certain percentage fall below the threshold of expected 
O&S cost savings.  More simply, does it pay off in the long term or is their a 
return on your R&D investment?  The generalizable nature of this analysis 
methodology will help determine the answer to this question.   
 
A second attribute to consider is whether one can make adjustments to the 
component technology outside of reliability that may decrease the cost of 
maintenance manpower or facilities cost.  Our results indicate that the system or 
technology developer should also pay close attention the manpower burdens of 
the system.  We note from the base case results in Table 4-3 that the manpower 
costs far outweigh the others in terms of attributable O&S cost per mile.  Savings 
could be achieved by simply reducing the time or complexity required to 
perform immediate corrective maintenance or by reducing the time required to 
perform preventative maintenance.  Again, the generalizable nature of this 
analysis methodology will help determine the answers to these questions.   
 
A third attribute to consider is whether the component technology or the system 
itself can be made more resilient to failures when they occur.  This attribute will 
probably have its most pronounced effect on the non-quantifiable aspects not 
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covered in this analysis.  Consider a system that is resilient to a component 
failure, where maintenance could be deferred rather than immediately taking the 
system out of action.  In peacetime, Soldiers and Marines could continue training 
uninterrupted and correct the problem when the training schedule allows.  In 
wartime, the system stays in the battle and the lives of the crew are not as 
seriously jeopardized.   
 
A final attribute to consider is the anticipated part replacement cost of the 
component technology.  In the low cost alternative sensitivity analysis, we found 
that even unreliable components do not cost much in comparison with the 
manpower and facilities costs.  Therefore, one must consider if the part 
replacement cost can be driven down more easily than driving up the reliability.   
 
In closing this section regarding applications to system and technology 
developers, it’s important to note that each future application will have unique 
requirements and demand unique model adaptations.  In this analysis we used a 
case study and focused on one particular component type, Li-Ion batteries.  
When a system or technology developer applies this analysis methodology in the 
future, the appropriate application will undoubtedly call for more than just the 
adjustment of parameter values.  There may be sections of the model developed 
which are irrelevant to the particular application and must therefore be 
eliminated for that application.  The failure mechanisms may be very different.  
The maintenance policies may be different, etc.  Therefore, each model structure, 
algorithm, and parameter value of this analysis methodology will need to be 
individually considered in the context of the proposed application.   
 

5.3 Contributions to the Literature 
Section 2, Literature Review, discussed the current state of maturity in the fields 
of reliability analysis, life cycle cost analysis, armored fighting vehicle design, 
and system dynamics.  While our review found each of these respective fields to 
be fairly mature in content and theory, we also noted areas to contribute.      
 
In the field of reliability analysis, we noted that precious few resources exist for 
analyzing the reliability-cost impacts of design decisions early in the system or 
technology development process.  A wealth of toolsets and approaches are 
available once the design is set, but few address the very important problems 
faced early in the conceptual development of systems and technologies.  This 
research and analysis methodology provides a useful method of analyzing such 
problems to inform important decisions.  Most importantly, this analysis 
methodology can be used early in the conceptual development process.   
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This research also contributes to the field of life cycle cost analysis.  As noted in 
section 2.2, life cycle cost analysis often uses parametric cost estimating 
relationships to forecast expected system costs.  To our knowledge, a relationship 
is not identified in the literature for determining the cost savings of increasing 
reliability with respect to O&S cost.  Our research finds this relationship to be 
exponential decay and that the relationship is largely insensitive to changes in its 
key parameters.  Therefore, a system or technology developer can better inform 
their decisions about whether a given technology is mature enough (from a 
reliability perspective) to be considered for incorporation into the eventual 
design.  They can also make predictions about the potential O&S cost savings 
and most importantly, they can determine ‘how reliable is reliable enough’ for 
their given application.   
 
Finally, this research contributes to the fields of combat vehicle design and 
system dynamics.  This analysis shows that system dynamics can be used in 
these fields to answer specific experimentation questions, furthering its standing 
as analytical tool of value for decision makers.  In the field of combat vehicle 
design, we contributed to the available knowledge linking system performance, 
to its maintenance burden and to its eventual O&S cost burdens during the 
vehicles useful operating life.   
 

5.4 Potential Areas of Future Research 
The outcome of this analysis indicates a number of opportunities for further 
improvement and extension of the research.  One place to start is developing 
better mechanisms to model the build-up of defects in a component and how 
those defects cause sympathetic component failures to occur.  Defect generation 
tends to be specific to a single vehicle due to usage patterns and the nature of 
defect generation itself.  This analysis required us to normalize across the vehicle 
fleet the generation of defects.  Future research might be able to discretely 
analyze this effect on a by-vehicle basis.   
 
Several opportunities lie in improving the representation and fidelity of the 
parameters used in the model.  Greater fidelity would be useful in the estimation 
of facilities costs, specifically on the cost of storing replacement parts.  Our 
research found that the facilities cost of storing parts at the unit level is not well 
known, especially for parts with hazard materials or with special physical 
security requirements.  Greater fidelity would also be useful in assessing the 
relationship between preventative maintenance and its affect on eliminating 
degradations in the system.  Preventative maintenance might be thought of as 
actions intending to catch failures before they occur.  Given that we want to 
minimize the cost of preventative maintenance while maximizing its 
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effectiveness, better capturing its effect in our simulation model would provide 
more useful information to the system or technology developer.   
 
Other opportunities for improving or extending this research deal with the 
assumptions and the scope of this analysis.  This analysis assumed that all 
replacement parts were non-repairable for simplicity.  Because modern combat 
vehicle components are often very expensive (sometimes in the hundreds of 
thousands of dollars), many parts are classified as repairable.  Therefore, a useful 
extension would be to adapt this framework to account for those repairable 
parts.  A repairable parts modeling structure might test a hypothesis that the 
percentage of attributable O&S cost related to spare parts would decrease while 
the percentage of manpower costs and facilities cost would increase.   
 
A second opportunity would be to model the effect of diagnostics, prognostics 
and other logistical efficiencies now making their way in the Army and Marine 
Corps maintenance systems.  The services are currently developing intelligent 
systems which are ‘aware’ of their own maintenance and logistical status.  In our 
analysis, we accounted for this trend by assuming that vehicle crews 
immediately became aware of a component failure and whether it deadlined the 
vehicle and immediately took the vehicle out of action.  A useful extension 
would be to develop a modeling structure that accounts for a hypothetical ability 
to ‘forecast’ future failures and correct them prior to them influencing the 
vehicle’s duty cycle.   
 
A third opportunity would be to examine more than one component at a time 
and focus on the ‘emergent’ reliability of a system.  Where this analysis focused 
on a single component, a useful extension would be to examine how the failure 
of a dissimilar, but functionally related component, affects the O&S cost per mile.  
We attempted to include a sympathetic failure structure in the simulation model 
to account for the effect of one component’s failure affecting others.  However, 
our approach only looked at similar components (the failure of one battery 
within the battery bank affecting other batteries within that bank).  Therefore, 
expanding the scope of this analysis to include dissimilar, but functionally 
related components might add to the body of knowledge in emergent reliability.   
 
A final opportunity is to examine the effect of changes in system duty cycles on 
the results found in this analysis.  The OSD guidance used in this analysis 
assumes a peace-time duty cycle.  A useful analysis would be to look at historical 
systems and determine how much of their operating life actually occurred under 
peace-time conditions.  This analysis could then adapt the research performed 
here to determine if the exponential decay relationship will remain after 
dramatic changes in the system’s duty cycle.   
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