
 

An Integrated Cost and Performance Model to Inform Capability Selection During Early-

Phase Systems Engineering: Case Analysis and Multi-Objective Optimization 

by Edward M. DeVilliers 

B.S. in Chemistry, May 1989, United States Naval Academy 

M.S. in Computer Science, September 1996, Naval Postgraduate School 

 

 

A Dissertation submitted to  

 

 

The Faculty of the 

School of Engineering and Applied Science 

of The George Washington University   

in partial fulfillment of the requirements 

for the degree of Doctor of Philosophy 

  

 

January 31, 2015 

Dissertation directed by 

 

Shahram Sarkani 

Professor of Engineering Management and Systems Engineering 

and 

Thomas Andrew Mazzuchi 

Professor of Engineering Management and Systems Engineering & of Decision Sciences  

 
 



 ii 

The School of Engineering and Applied Science of The George Washington University 

certifies that Edward Michael DeVilliers has passed the Final Examination for the degree 

of  Doctor of Philosophy as of  August 11, 2014.  This is the final and approved form of 

the dissertation.   

Edward M. DeVilliers 

 

Dissertation Research Committee: 

 

Shahram Sarkani, Professor of Engineering Management and Systems 

Engineering, Dissertation Co-Director 

 

Thomas Mazzuchi, Professor of Engineering Management and Systems 

Engineering & of Decision Sciences, Dissertation Co-Director 

 

John Bischoff, Professorial Lecturer in Engineering Management and 

System Engineering, Committee Member   

 

E. Lile Murphree, Professor of Engineering Management, Committee 

Member   

 

Christopher Willy, Professorial Lecturer in Engineering Management and 

Systems Engineering, Committee Member 

 

 

 

 

                                  
 

An Integrated Cost and Performance Model to Inform Capability 

Selection During Early-Phase Systems Engineering: Case 

Analysis and Multi-Objective Optimization 

 

 



iii 

 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

© Copyright 2014 by Edward M. DeVilliers 

All rights reserved



 iv 

Dedication 

 

The author wishes to dedicate this dissertation to his father, Dr. Raoul A. DeVilliers. As 

the former Dean of Mathematics and Science at Sacred Heart University, he always 

valued education and did his upmost to improve his university and the academic 

profession. He was an inspiration to the author to go after this degree, and the author 

wishes he could have lived to see it achieved. 



 v 

Acknowledgments  

 

I wish to acknowledge several people who helped me achieve this degree. First, I want 

to give thanks to God, who is the source of all knowledge and strength. My wife, Cathy, 

deserves much credit in helping me accomplish all the work and milestones of this 

program, along with my children Sara, Eric, Emily, and Rebecca. I could not have 

succeeded without her constant support. I also wanted to thank my advisors, Dr. Sarkani 

and Dr. Mazzuchi, who provided their guidance throughout the process, my professors at 

The George Washington University from whom I learned so much, and Dr. Tomer Ender 

from the Georgia Tech Research Institute.  

I also could not have accomplished my research without the help of several people 

within the Department of Defense acquisition community who provided me data for my 

research. I wish to thank the following people; Mrs. Aileen Sedmack, Deputy Director for 

Systems Engineering Policy; Mr. Harry Oldland, the Director of the Systems Engineering 

and Integration Division at Marine Corps Systems Command; Mr. Manny Pancheco, 

Public Affairs Director for the Program Manager, Advanced Amphibious Assault; Mr. 

John R. Gensure, the Deputy Assistant Program Manager for Systems Engineering, 

Advance Airborne Sensor (AAS) Program; Mr. Scott Anderson, the former Program 

Manager for the Littoral Surveillance Radar System (LSRS); and Mr. Leo Smith, Ms. 

Karen Short, Mr. Jeff Jones, and Mr. Vic Robertson of the Assistant Secretary of the 

Army (Acquisition, Logistics and Technology (ASA (ALT)) Systems of Systems 

Engineering and Integration office. 



vi 

Abstract of Dissertation 

 

An Integrated Cost and Performance Model to 

Inform Capability Selection During Early-Phase 

Systems Engineering: Case Analysis and Multi-

Objective Optimization 

 

Functionality and performance have been key elements of requirements generation for 

major systems, especially within the Department of Defense (DoD). However, rising cost 

growth rates and decreasing funding has led to legislation requiring DoD to factor cost 

into requirements selection and to keep within cost estimates much earlier in a system’s 

life cycle. This paper presents a mixed methodology research effort that provides three 

main results. First, it provides descriptive statistical analysis of current cost growth causes 

within DoD system. Second, it provides new cases of programs that have conducted cost 

and technical analysis in their early lifecycle. Third, it provides a framework that supports 

a combined cost and performance estimation model with greater emphasis on cost to 

assess the impact of specific requirements selection for major hardware/software systems. 

This model is used within a synthesized process derived from new cases within DoD. It 

also uses Multi-Objective Optimization (MOO), specifically Linear Physical 

Programming (LPP), as a means to better define and assess the optimal selection of 

capabilities in the requirements generation phase rather than the design phase. Statistical 

hypothesis testing shows that this framework and the use of LPP provide more optimal 

material solutions than SME judgment or by simply optimizing for cost. The result is a 

repeatable, analytical process and model that can be used throughout a system’s life cycle 

to concurrently assess cost and technical performance. 
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Chapter 1: Introduction 

 

This research addresses the problem of more accurately estimating cost and technical 

performance of new, intensive hardware/software systems, especially as that 

understanding can be used to define the system capabilities and requirements that will be 

tackled by an acquisition program. To that end, it focuses on a portion of the overall 

system development process defined in terms of the Department of Defense (DoD) 

Defense Acquisition Process (DAP), from the Material Development Decision (MDD) 

and pre-Milestone A activities within DoD (Figure 1-1), and the system requirements and 

concept exploration phase in general. Many organizations, DoD in particular, are 

struggling to better define and provide guidance on how to choose system capabilities and 

meet both technical and business goals, such as cost and schedule, in an accurate manner 

that can lead to systems that are both capable and affordable. Unlike much of the 

requirements literature that focuses on the users’ functional and performance needs as the 

key to requirements generation, this paper seeks to add cost as an integral part of the 

selection criteria of requirements and as part of the development of possible system 

concepts to satisfy selected capabilities.  

This dissertation presents a framework and cost/technical performance model that is 

focused on the selection of system requirements early in the development phase that are 

informed by both the estimated technical performance and costs needed to reach desired 

capabilities. This framework links the selection of system capabilities to possible material 

implementation choices chosen using a multi-objective optimization (MOO) process. The 

material implementation choices are made within a system dynamics-like process meant to 
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reinforce the technical feasibility of the selection. It is also meant to recognize the 

complex  

 

Figure 1-1. DoD Acquisition Phases with a Focus on Pre-Milestone A (Dahmann, Bhatti, and 
Kelley 2009)  
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relationships and feedback loops between the selection of material components and major 

system performance metrics and attributes, such as space, weight, and volume (SWaP). 

The material selection process is also designed to present selections that are technically 

feasible, based on known compatibility of components and the effects that attributes, such 

as SWaP, have on components and the system as a whole.  

This work fits within the pre-MDD and Material Solutions Analysis (MSA) phase 

conducted before Milestone (MS) A within DoD. However, this framework is not limited 

to that early phase. It could also be used as part of an iterative, repeatable analytical 

process that refines the integrated cost and performance estimate and material 

implementation model. 

The research reflected in this paper uses a mixed methods methodology. It applies to 

major system development across domains and organization within government and 

industry. However, it focuses on major weapon system development within DoD. This is 

for several reasons. First, DoD is required under federal statute, the Weapon System 

Acquisition Reform Act of 2009 (WSARA), to conduct greater system engineering 

analysis during the MS A and B phases of acquisition. Second, WSARA requires the 

integration of cost as part of requirements development and selection. Third, major DoD 

programs have been studied extensively concerning root causes of cost growth, as will be 

presented in the Background section of this paper. There was more data available to the 

authors for conducting the statistical analysis and verification of the model. 

This paper is organized into the following chapters: 

Chapter 2, Literature Review, provides a review concerning the identification of 

acquisition and cost growth problems within the context of the new Weapon System 
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Acquisition Reform Act of 2009 (WSARA) and directives within DoD. It also provides a 

review of the cost estimation (CE) techniques within the CE Body of Knowledge 

(CEBoK) and cost estimation research. This includes the use of system dynamics in cost 

estimation. Additionally, it reviews many of the methods available across the Multi-

Criteria Decision Making (MCDM) field. This includes the use of MOO within design and 

recent work that has been using MOO during the pre-design, concept exploration phase. 

MOO features prominently in the framework proposed in this paper. 

Chapter 3, Methodology, presents a review of the mixed methods approach taken in 

this research. The first section outlines the identification of relevant programs and cost 

growth causes though a quantitative statistical analysis of several cost growth root cause 

studies conducted both before and after WSARA. Various cost growth categorization 

frameworks from the literature are analyzed to pick one to be used in our research. This 

data helps define the goals and elements of the proposed framework and model. The next 

section outlines the use of a qualitative case development and analysis. As the literature 

review will show, there is no public documentation on how major DoD programs have 

successfully conducted Pre-Milestone A analysis. This limits the ability to develop an 

analysis framework based on empirical evidence. Finally, the third section reviews the 

various multi-objective optimization techniques useful in making decisions within our 

model, and the rational for the selection of the Linear Physical Programming (LPP) 

method.  

Chapter 4, Research, presents the work outlined in Chapter 3, Methodology, in three 

main sections. The first section presented is the cost growth root cause analysis of major 

DoD Systems. This section presents a statistical analysis of various DoD weapon system 
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cost growth studies. It provides a quantitative review of several cost growth root cause 

studies conducted both before and after WSARA. This data helps define the goals and 

elements of the proposed framework and model.  

The second section presents the case studies analysis. This section provides three new 

cases of programs that have conducted combined cost and technical assessment with 

successful results. This fills a gap in the current literature where no such cases exist to 

inform DoD policy makers. The cases are comparatively analyzed. 

The third section provides a cost/technical performance model. This model integrates 

cost estimation using a bottom-up approach within a Work Breakdown Structure (WBS) 

and technical feasibility analysis. It presents the complexity of using known component 

data by conducting a correlation analysis of material component attributes, such as cost 

and SWaP. It also presents the method of using Linear Physical Programming (LPP) to 

assess optimal component selection against selected capability ranges. Finally, it includes 

a detailed view of the government and research model used in this research, to 

differentiate the work done in this research versus work done previously. 

In Chapter 5, Research Results, the cost/technical performance model is assessed 

through the instantiation of our model using data from the Systems Engineering 

Overarching Product Team (SE OPT) case on eight different system concepts. The 

assessment results present both value comparisons between our model and SE OPT’s cost 

and technical performance estimates, as well as statistical hypothesis testing, to determine 

how our model and the use of multi-objective optimization compared to the SE OPT case 

using SME assessments.  
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Chapter 6, Conclusions, summarizes the major points of our research and provides 

recommendations for future work.
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Chapter 2: Literature Review 

 

2.1  DoD Acquisition and WSARA. 

There are several reports that discuss the issues of cost growth within DoD. Two 

reports, “DOD Must Balance Its Needs with Available Resources and Follow an 

Incremental Approach to Acquiring Weapon Systems” (GAO 2009) and “Better Weapon 

Program Outcomes Require Discipline, Accountability, and Fundamental Changes in the 

Acquisition Environment” (GAO 2008), discuss the lack of coordination between key 

DoD processes—requirements generation, budgeting, and acquisition—and that these 

processes need to be in synchronization. The reports also address the need for a portfolio 

approach. This becomes especially important because the number of systems/portfolio size 

is increasing much faster than the resources available. “From 1992 to 2007, the estimated 

acquisition costs needed to complete the major acquisition programs in DOD’s portfolio 

increased almost 120 percent, while the funding provided for these programs only 

increased 57 percent, creating a fiscal bow wave that may be unsustainable” (GAO 2008). 

This situation led to further reports examining how the current requirements process could 

be changed. The GAO report “DOD WEAPON SYSTEMS: Missed Trade-off 

Opportunities During Requirements Reviews” (GAO 2011) pinpointed that the Analysis 

of Alternatives (AoA) currently provided the opportunity for deciding between different 

possible material solutions. By analyzing these alternatives and their technical maturity, 

better cost estimation for implementing specific capabilities could be developed. Hence, it 

recommended that the Joint Requirements Oversight Council (JROC) provide a process 

for requiring and reviewing the AoA results, with an aim at ensuring more detailed cost 
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analysis (GAO 2011). This echoed an earlier report calling for the selection of 

requirements to take into account cost and technology maturity (GAO 2003). It noted past 

system requirements focused on meeting user performance requirements with little 

concern of the life-cycle costs they may entail and the maturity of technology to achieve 

those performance goals (GAO 2003). 

This led Congress to enact the Weapon System Reform Act of 2009 (Weapon System 

Acquisition Reform Act of 2009 2009). This law enacted several elements that addressed 

the handling of cost and requirements within the early phase of system development. 

These measures included standing up a Director of Systems Engineering to provide policy 

and guidance to the acquisition community for developmental planning, requiring 

independent cost estimates and root cause analysis of critical cost overruns by DoD 

program by the Performance Assessment and Root Cause Analysis (PARCA) Directorate 

within the Office of the Assistant Secretary of Defense for Acquisition and requiring an 

assessment of cost within the AoA process before MS A. These new requirements shifted 

to the left the required times for major activities, such as establishing a cost baseline at MS 

A rather than at the end of the technology demonstration phase (MS B), and moved the 

system’s preliminary design review (PDR) before MS B (Kranz 2009). The end result is 

that a system needs to be better understood and its cost estimated much earlier in its 

developmental process. 

2.2  Cost Estimation. 

The CE community has established a Cost Estimation Body of Knowledge (CEBoK) 

formed by the International Cost Estimating and Analysis Association (ICEAA) (ICEAA 
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2013), which reviews and outlines the concepts, methods, and application of CE. The 

commonly accepted methods are: 

 Parametric Analysis. System parameters, such as weight or horsepower, are used 

within cost estimation relationships (CER) to produce a cost value.  

 Analogy. This technique is used to estimate costs through comparison with 

similar systems or activities. This is a common approach during early phase 

engineering, which many times is faced with a lack of data.  

 Engineering Bottoms-up Estimate. This method creates a WBS or cost element 

structure (CES) that treats the system or program as a series of decomposable 

products and activities, which each receive a cost. This method requires a large 

amount of data and is sometimes judged not to be appropriate for early 

conceptual and design phases (ICEAA, 2013), but is a method often used by 

businesses for cost proposals. 

 Expert Judgment or Opinion. This method depends on opinions for domain 

experts to estimate costs or modify existing estimates based on their experience 

and knowledge. 

Many studies have been conducted to review and propose cost estimation techniques 

within different domains. These include DoD weapon systems (Blickstein et al. 2012; 

Bolten et al. 2008), space systems (Younossi et al. 2008), aircraft systems (Younossi et al. 

2005), and systems engineering and program management costs (Stem, Boito, & 

Younossi, 2006). As will be described in the Cost Growth Analysis section, these studies 

present a few different cost growth cause taxonomies (Table 3-1) (Blickstein et al. 2011; 
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Blickstein et al. 2012; Bolten et al. 2008), while many present lessons learned with 

domain-specific CERs and techniques (e.g. aircraft).  

In reviewing other community bodies of knowledge, such as the Program 

Management Institute (2008) Project Management Body of Knowledge, Fourth Edition 

(PMBOK Guides) and the International Council of Systems Engineering (INCOSE) 

Systems Engineering Handbook (2011), the issue of integrating cost estimation with other 

systems engineering and program management activities may be systemic. Neither one of 

these references does much to address cost early in the program’s lifecycle, either in the 

requirements generation phase or before decisions need to be made about starting the 

development effort. 

The PMBOK was developed by the Project Management Institute (PMI) starting in 

1983, and it is the basis for the Project Management Professional (PMP) Certification. 

Cost is addressed in the following sections: Section 3 – Project Management Processes 

and Section 7 – Project Cost Management. Requirements collection is needed to establish 

project scope and to develop a Work Breakdown Structure (WBS). Cost is not explicitly 

identified as a possible constraint to be considered. Cost estimation in the PMBOK 

process comes after project scope (Chapter 5.2), activities and schedule (Chapter 6), and 

WBS (Chapter 5.3) to the work package level, have been developed. This comes after 

requirements have already been developed within this process. 

INCOSE SE Handbook (2011) is the main source for INCOSE Systems Engineering 

Professional Certifications. Relevant areas concerning cost are: 
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• Section 3.3 - Life‐Cycle Stages. In 3.3.1 and 3.3.2 – Exploratory Research and 

Concept Stages address cost and schedule from a reference architecture. It does not 

mention culling requirements based on the cost. 

• Section 3.4 - Life Cycle Approaches. In section 3.4.2, Incremental and Iterative 

Development (IID) may address the cost of implementing requirements (Spiral vs. 

Incremental approach) and section 3.4.3, Lean SE, addresses waste, with cost 

discussions as continual part of requirement generation with the customer. 

• Section 4.1 Stakeholder Requirements Definition Process. Cost constraints are 

inputs, but cost estimates or various system concepts are not part of the process, 

and are not accomplished before the first System Requirements Document (SRD) 

draft. 

• Section 4.2 - Requirements Analysis Process. While iterative, it does not explicitly 

mention cost as an input, output, or process activity. It does mention that good 

requirements, taken as a whole, should be affordable (4.2.2.2). 

• Section 4.3 Architectural Design Process. Section 4.3.2 does address the need for 

the architecture to be affordable through iterative adjustment, although there is 

little explicit cost estimation activity explicitly mentioned, compared to 

performance. Section 4.3.2.8 focuses on addressing adjusting requirements from 

architecture and design analysis. 

Within section 5, Project Processes, the handbook seems to put cost management as a 

project management function, rather than a systems engineering function, as depicted in 

figure 2-1 (International Council on Systems Engineering 2011).   
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There is a further problem that the link is not clear between the System architecting 

process within SE that can determine a cost estimate and the related cost activity of project 

planning. Also, section 5.7, Measurement Process, does not address the issue of cost 

measurement and coordinating the issue between the SE and PM teams, except possibly as 

an MOE (5.7.2.3). While the issue of affordability as part of MOEs is first mentioned in 

this section, it is not in the MOE discussion within Section 4. Finally, within Section 6.1, 

Acquisition Process, there is no mention of understanding the expected costs 

(procurement, development, and life cycle) following from the generated requirements. 

 

Figure 2-1. Division of Management and SE Processes within the INCOSE SE Handbook. 

Between the Project Management and Systems Engineering bodies of knowledge 

references, cost is not addressed early in the acquisition process, especially the 

requirements generation and selection process. Arguably, the engineering processes and 

expertise that are needed to best calculate the possible cost of implementing specified 

requirements and system architecture are not clearly or explicitly involved in the cost 

estimation processes. 
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2.3  System Dynamics. 

Another area of cost analysis is the application of system dynamics. (Forester 1961). 

System dynamics was developed by Jay Forrester (1961) from the MIT Sloan School of 

Management as a means to explain the complex behavior of systems, especially over time. 

In addition to cost estimation, it has been applied to many areas, notably global issues, 

such as population and pollution, and urban policy. In system dynamics, a system can be 

represented by variables that interact between each other in a looping, feedback fashion. A 

causal loop is a qualitative representation of a directed relationship between variables. The 

casual loops may be either reinforcing loops or balancing loops. This simply means that 

for a reinforcing loop, if the starting variable increases in value, then the ending variable 

also increases. For a balancing loop, the relationship is reciprocal.  

While casual loops are a qualitative model of the relationship between variables, 

stocks and flows provide a quantitative modeling ability. Stocks are the variables that 

contain some quantity at any point in time. They increase or decrease based on the flows, 

the rate of change that determines how the stock may change in value over time. 

What makes a system complex is the ability for variables to have several different 

causal loops that they interact with within the structure of the dynamic system. It is this 

structure, where variables may be impacted by several different forces, that makes the 

system complex and sometimes unpredictable. 

A thorough review of system dynamics use in defense and cost analysis was 

conducted by R. G. Coyle. (Coyle, Exelby, and Holt 1999; Coyle 1992; Coyle 1996) 

There are several other examples available where system dynamics has been used. In the 

cost analysis context, the system dynamics literature is focused in long-term cost 
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modeling, especially total cost of ownership (TCO) or a life-cycle cost estimate (LCCE), 

as these estimates are impacted by external forces over a long period of time. Examples 

include cost management using activity-based costing (ABC) (Khataie, Segovia, and 

Bulgak 2011), software pricing (Rahmandad and Sibdari 2012), the operations and 

support costs (Coyle 2002; Purvis 2001), long-term development of new technologies for 

ships (Monga 2001), and estimating life-cycle cost improvements through improved 

reliability (Killingsworth, Speciale, and Martin 2010). 

In addition to cost modeling, system dynamics has been used in general system design 

and requirements engineering. Loucopoulos and Prekas (2003) developed a framework 

that accounted for ontology modeling, goal modeling, process modeling, and scenarios 

generation, while others used system dynamics to influence the design of large systems, 

such as the coal conveyor belt system (Wolstenholme 1983). It has also been common to 

have system dynamics mixed with other methods, such as MOO (Coyle 1996; Duggan 

2008). For instance, Duggan (2008) used system dynamics in conjunction with genetic 

algorithms for making policy decisions. 

2.4  Multi-Criteria Decision Making. 

In determining capabilities for a system and its possible system implementations that 

lead to a cost and technical performance estimate in the pre-MS A phase, there are very 

often trade-offs between competing capabilities and implementations. To determine the 

more optimal capabilities while weighing costs and constraints, MOO or multi-criteria 

decision making (MCDM) is required. We review the basic definitions and concepts of 

MCDM, and then review many of the techniques or methods available. This methods 

review includes the factors that differentiate one set of techniques from another, how to 
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categorize them, and then present them using our own categorization. Given that our 

research uses a derivative of Physical Programming developed by Achille Messac (1996), 

we review the current Physical Programming literature. We then review how some of the 

most well used MCSM techniques have been combined, and provide a brief overview of 

key application areas and the methods used.  

2.4.1 Definitions. 

Multi Criteria Decision Making (MCDM) is a field of Operations Research that goes 

by several names, to include Multi-Attribute Decision Making (MADM), Multi-Objective 

Decision Making (MODM), Multi-Objective Optimization (MOO), Multi-Criteria 

Optimization (MCO), and Multi-Criteria Decision Analysis (MCDA). Some distinguish 

the names according to whether the problem space has a set number of discrete options or 

alternatives to be evaluated, or a large number of discrete or continuous options or 

alternatives (Triantaphyllou et al 1998). In that case, MCDM is a superset term which 

breaks into the MODM or MOO areas for the continuous and large, discrete alternative 

discovery and selection, and MADM for the discrete, pre-defined alternative problems. 

For the discrete MADM area, some use the term MCDM interchangeably with MADM, 

and some also distinguish MCDM versus the term “Many-Criteria Decision Making” to 

differentiate problems where certain methods work well only with a small number of 

alternatives, sometimes no more than three to ten (Coello 2001, Garza-Fabre, Pulido, and 

Coello 2009). This is especially true for evolutionary algorithms, although pairwise 

comparison techniques, such as Analytical Hierarchal Process (AHP) can suffer as the 

number of n criteria becomes large because of the 2
n
 comparisons needed. 
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The typical MOO problem seeks to minimize F(x), the aggregate objective function 

(AOF) that is based on the set of objective functions,  fi (x) for a vector x of k design 

metrics and n optimization parameters (Marler and Arora 2004).  

Minimize F (x) = [ f1 (x) , f 2 (x) , . . . , f k (x)]T       (2.1) 

Where x  = [x
1 , x2 ,..., xn]  (2.2) 

Inequality constraints:  𝑔𝑙
(𝑥) = 0,        𝑙 = [1, 2, … , 𝑚] (2.3) 

Equality constraints:     ℎ𝑙
(𝑥) = 0,        𝑙 = [1, 2, … , 𝑒] (2.4) 

The design metrics may actually be composed of different types of variables, such as 

independent design variables or parameters (parameters under a designer’s control), 

dependent variables or design attributes (derived from other variables), state variables, 

environmental variables, etc. The value of F(x) is based on how the objective functions are 

related together, sometimes through a preference value, such as weights, to form an AOF. 

Depending on the method used, F(x) may be either a scalar value or a vector. 

2.4.2 Techniques. 

Many say that there is no one best technique for conducting MCDM and its sub-areas, 

such as MOO (Ignizio 1983, Polatidis, Haralambopoulos and Munda 2006).  However, 

each technique provides the ability to handle problems with certain characteristics. The 

following sections review the factors that help differentiate the methods, how the methods 

can be categorized, and then present these methods using that categorization. 

2.4.2.1 Factors. 

Discrete vs. Continuous. The decision-making context may provide a finite set of 

options whose criteria or attribute values vary. These are commonly called discrete 

problems. Korhonen, Moskowitz, and Wallenius (2006) provide several sub-
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classifications of discrete problems. These include the number of alternatives, the 

number of criteria or attributes, and prior knowledge of the attribute values, alternatives, 

and attributes themselves. This creates 32 different combinations of problems. Common 

discrete problems in the literature, according to Korhonen, Moskowitz, and Wallenius 

(2006), include five different combinations of these sub-classification values: 

1. Problems with a large number of known alternatives with a small number of 

criteria with known values. 

2. Problems with a large number of known alternatives with a small number of 

criteria with uncertain values. 

3. Problems with a small number of known alternatives with a large number of 

criteria with uncertain values. 

4. Problems where the number of alternatives is very large, requiring the decision 

maker to either down-select to a smaller number of alternatives or search for 

more desirable alternatives. 

5. Problems with a small number of alternatives, but the criteria to use are not 

known a priori. This results in the decision maker conducting pairwise 

comparisons of the alternatives in order to choose the criteria. 

Continuous problems also have their own set of six sub-classifications, to include 

whether the alternatives are known a priori, the underlying models are linear versus non-

linear, the variables are continuous versus integer, the relationships between variables are 

quantitative or not, and the number of variables and constraints are large or small. There 

are five common continuous problem types of continuous MCDM problems (Korhonen, 

Moskowitz, and Wallenius 2006). 
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1. The problems are based on a linear model with a small context of variables and 

constraints, where the number of criteria is small, and the variables are 

continuous with quantitative relationships between themselves. 

2. The problems are based on a non-linear model with a small context of variables 

and constraints, where the number of criteria is small, and the variables are 

continuous with quantitative relationships between themselves. 

3. The problems are based on a linear model with a small context of variables and 

constraints, where the number of criteria is small, and the variables are integer-

based with quantitative relationships between themselves. 

4. The problems are based on a linear model with a large context of variables and 

constraints, where the number of criteria may also be large, and the variables are 

continuous with quantitative relationships between themselves. 

5. The problems are based on a linear model with a small context of variables and 

constraints, where the number of criteria is small, and the variables are 

continuous with some qualitative relationships between themselves. 

Some methods work better on a small set of discrete options or alternatives to select. 

Methods that can handle a larger number of options or criteria, such as over 3, are 

sometimes called “Many-Objective Decision Making” methods (Lygoe, Cary and Fleming 

2010).  

Descriptive vs. Non-descriptive. Descriptive techniques use multivariate statistical 

methods, such as factor analysis and Principal Component Analysis (PCA) to reduce the 

number of attributes, and hence the dimensionality, of the problem. The goal is to 

provide a description of the inter-relatedness of the criteria and provide a graphical 
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representation that makes for easier decision-making, rather than going through the 

process of calculating sets of Pareto-optimal points. (Stewart, 1992).  Zeleny (1982) 

calls this an example of a process-oriented approach to decision-making which aims for 

decision makers to understand the process of decision making based on the criteria 

involved and how they relate to the possible alternatives. Riabacke, Danielson, and 

Ekenberg (2012) also include others theories based on human psychology, such as 

Prospect Theory and Regret Theory, to help decision makers understand themselves and 

the decision making process. An example of a specific MCDM descriptive method is the 

Geometrical Analysis for Interactive Aid (GAIA) (Brans and Vinke 1985).  

Preference Articulation. MCDM methods can be grouped according to how the 

preferences between objective functions are determined (Andersson 2000, Marler and 

Arora 2004). These include the a priori articulation of preferences, where the importance 

or goals of the objectives comes before running the MCDM method, progressive 

articulation of preferences, where the preferences between the objective functions is 

adjusted during the method execution, a posteriori articulation of preferences, where a 

solution is chosen from a set of possible optimal solutions after MCDM execution, and 

finally no articulation of preferences. 

Type of Values Used. Deterministic, Stochastic, and Fuzzy values may be used by 

various methods can be used as a distinguishing feature (Triantaphyllou et al, 1998). There 

are numerous variations using fuzzy mathematics (Kahraman 2008), such as Fuzzy 

TOPSIS (Gao, Feng, and Yang 2008), Fuzzy Physical Programming, and Fuzzy AHP. 

Stochastic values are found in descriptive techniques, such as factor analysis, and are also 

found in the metaheuristic techniques called Simulated Annealing (Kirkpatrick et al, 
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1983). Deterministic, numerical values are found in most MOO and most MADM 

techniques. 

Necessary and Sufficient for Pareto Optimality. The history of MCDM can be traced 

back to several sources, such as the work in Utility and Game Theory of von Neumann 

and Morgenstern (1944) and the work of Vilfredo Pareto (1896), both in the field of 

economics (Kiksalan, Wallenius, and Zionts 2013). Marler and Arora (2004) make it a 

point to distinguish if a method is necessary and/or sufficient for Pareto Optimality. As 

equation (2.1) has several factors, there is normally not a single answer that is best for all 

individual objective functions. There is a set of optimal points which make up the Pareto 

frontier, Pareto set, or Pareto Surface. These points are Pareto optimal or Pareto efficient. 

This simply means that there exists no other point where at least one objective function 

can be improved without worsening any other objective function. If a method can generate 

Pareto optimal points through manipulation of its parameters, then it provides necessary 

conditions for Pareto optimality. If the method always provides Pareto optimal points, then 

it provides sufficient conditions for Pareto optimality. 

Finally, there are practical factors to the use of various methods, such as the ease to 

program the algorithms and the amount of computational power required. Again, Marler 

and Arora (2004) present these factors in their review of MOO techniques. 

2.4.2.2  Categorization of Methods.  

Based on the above factors, there are several different means in the literature to 

categorize the various MCDM/MOO methods that exist. Several papers use the factor of 

when a preference is know – a priori, postiori, interactive, and no preference (Andersson, 

2000; Marler and Arora, 2004). Polatidis, Haralambopoulos and Munda (2006) assign 
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methods into the type of decision support models they provide, and the characteristics of 

those models. They construct four groups; Utility-based methods, outranking methods, 

programming methods (mathematical programming, continuous choices) and “other 

methods,” such as like Novel Approach to Imprecise Assessment and Decision 

Environment (NAIADE), Flag Model, and the Stochastic Multiobjective Acceptability 

Analysis (SMAA) method. The Utility-based methods, which include MAUT, AHP, 

ANP, SAW and their derivatives, provide a single score for each option or alternative that 

may be chosen, where the criteria can all be compared with total compensation, there is no 

incomparability, and commensurability. Outranking methods provide a means of pairwise 

comparisons between alternatives, where only substantial differences in criteria values are 

applied, and incomparability and incommensurability are allowed. However, this paper 

does not delve into the review of evolutionary approaches. T. Stewart (1992) also provides 

a similar categorization, although he includes Goal Programming, Fuzzy Set Theory and 

Descriptive Methods. 

For categorizing the numerous MCSM techniques within this review, we have 

developed the categorization depicted in Figure 2-2. While many reviews presented a 

structure based on preference articulation, there is repetition using that method. As will 

become clearer in the methodology section, it is important to distinguish methods that use 

weighting, as weighting brings several issues that should be avoided. Thirdly, 

distinguishing methods that provided a single scalar value, utility, or overall distance or 

difference measure makes the evaluation of optimality easier. Finally, there are important 

methods that are either do not generate numerical, Pareto-optimal points, such as MADM 
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outranking methods, or are based on natural phenomenon, such as Simulating Annealing, 

which can be easily group together. 

Figure 2-2 presents a hierarchal categorization of MCDM methods or techniques. The 

first level of categorization is Descriptive vs. Non-Descriptive methods. Some descriptive 

methods have been mentioned in the section discussing MCDM factors and are meant for 

human decision maker interaction and elucidation. Since this research is looking for 

methods that require little decision maker interaction, focus will be given to non-

descriptive methods. The non-descriptive methods are divided into four groups that are 

mostly, but not entirely, mutually exclusive. These are MOO, MADM, and Metaheuristic 

groups.  

The MOO group contains both scalar and vector-based methods that are for problems 

which have quantitative criteria or attributes, and can cover both discrete and continuous 

(very large number) alternatives. These alternatives may or may not be known a priori. 

The scalar methods are those that the AOF, F(x), can be formed to produce a scalar value 

that can be either minimized or maximized. The scalar methods can be further subdivided 

into those methods which use weights against the individual objective functions,  fi (x), of 

equation 2.1 and those that do not. The vector-based methods generate vector results for 

F(x). Some methods, such as rank-based genetic algorithms, actually use weights based on 

ranking the population points iteratively, one criteria at a time (Garza-Fabre, Pulido, and 

Coello 2009, Marler and Arora 2004).  
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Figure 2-2. Categorization of MCDM Methods. 
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The MADM methods are normally associated with a problem space comprised of a 

discrete number of alternatives defined a priori. Some of these methods, like ELECTRE 

and PROMETHEE, also do not find Pareto-optimal points, but decision maker preferences 

to rank alternatives. Again, this classification is not mutually exclusive within this 

categorization scheme, as TOPSIS is not just considered a MADM technique but a scalar 

MOO technique (Marler and Arora, 2004). 

The other major classification is the Metaheuristic methods category. Metaheuristics 

use heuristics, search algorithms, to explore the solution space to find optimal solutions, 

especially in combinatorial problems. These solutions do not necessarily find a globally 

optimal solution (Baghel, Agrawal, and Silakari 2012). Many techniques in this area are 

inspired from the physical worlds, such as Simulated Annealing, which takes ideas from 

the area of thermodynamics.  

2.4.2.3 Scalar Non Weight-based Methods. 

Several of the following methods are based on variations of the following formula: 

𝑈 = ∑ 𝑤𝑖
𝑘
𝑖=1 [𝑓𝑖(𝑥)]𝑝,   𝑓𝑖(𝑥) > 0 ∀𝑖 (2.5) 

𝑈 = {∑ 𝑤𝑖
𝑘
𝑖=1 [𝑓𝑖(𝑥) − 𝑓𝑖

°]
𝑝

}
1

𝑝,   𝑓𝑖(𝑥) > 0 ∀𝑖   (2.6) 

where wi is weight for the ith criteria or attribute, and 𝑓𝑖
° is the optimal value of the ith 

objective function, and k is the number of objective functions. This optimal point may be a 

Utopia point, or an approximate value called an aspiration point, reference point, or target 

point (Marler and Arora 2004). The sum of all weights is normally equal to one. Also, as 

each objective function may have a different range of values, those objective values may 
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need to be normalized (Andersson 2000). How objective function values may be 

normalized is further discussed by Monat (2009). 

Global Criteria methods are the simplest non-weighted methods that take the formulas 

2.5 and 2.6 and set all weights, wi , to 1. When w = 1 and p = 1, this becomes the 

“Objective Sum” method. According to Marler and Arora (2004), this provides a Pareto 

optimal solution. Also, since weights do not need to be determined a priori, this method 

and those based on it can be used with no preference articulation. 

The Min-Max method (Lightner and Director 1981) is a technique that takes equation 

2.5 and sets p = ∞. The basic formula for this method is: 

min𝑥∈𝑋 max𝑖[𝑓𝑖(𝑥)]     (2.7) 

where every objective function 𝑓𝑖(𝑥) is evaluated at point x. This makes this method 

similar to single criteria optimization, just done repetitively. It can achieve weak Pareto-

optimal results and is sufficient for Pareto optimality (Marler and Arora 2004). It is not 

widely used in engineering design, and without changing the exponent p, it provides only 

one point of the Pareto-optimal set of points (Andersson 2000). 

The e-Constraint method (Haimes, Lasdon and Wismer 1971) works by selecting one 

objective at a time, and setting the other objective functions as constraints. These 

constraint objective functions need to be less than or equal to a constant, e, established for 

each objective. This is a posteriori method, as it requires the decision maker to modify the 

e constraint values to form a Pareto set of point (Andersson 2000). 

Goal Programming (Charnes and Cooper 1961, Charnes, Clower, and Kortanek 1967, 

and Ijiri 1965) is an a priori method that requires the decision maker to set goals for each 

objective in a multi-objective problem. The goal is then to minimize the total deviation 
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between the individual objective functions and their corresponding goals. Hence, it is 

similar to the Global Criteria method represented by (2.6). The philosophy of the method 

is that it may not be realistic to develop a value or utility function that accurately reflects 

the decision makers’ preferences, but it can be expected that the decision maker has the 

ability to express goals or aspirations for each objective or attribute (Ignizio 1983). It is 

possible for objective functions to either overachieve or underachieve their goals 

(Augusto, Bennis, and Caro 2012). A variation of goal programming is Multigoal 

Programming (Zeleny 1982) where multiple goals for each objective function are provided 

and minimized. This helps minimize the problem of decision makers being able to 

generate meaningful goals. There are also interactive or progressive preference 

articulation variations called the interactive sequential goal programming and augmented 

goal programming (Ignizio 1983).  

Some key advantages of goal programming are that it is easier to use compared to 

value or utility-based approaches for problems with large number of criteria, such as over 

ten criteria (Stewart 1992). It can also be used to down-select from a large set of 

alternatives (Stewart 1992). A key disadvantage of goal programming is the ability for the 

decision maker to come up with a priori goals at are feasible (Coello 2001, Hannan 1985, 

Stewart 1992). Also, this method does not guarantee generating Pareto-optimal points 

(Marler and Arora 2004). 

2.4.2.4  Scalar Weight-based Methods. 

Weight-based approaches are arguably the most prevalent methods used for both 

discrete and continuous MOO and MADM problems, especially the Simple Additive 

Weighting (SAW)/Weighted Sum Method (WSM) (Andersson 2000, Marler and Arora 
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2004, Marler and Arora 2010). Many of these methods are modification of the non-

weighting techniques reviewed above. As the issue of developing the proper weights is 

very important, numerous methods have been developed to help establish those weights. 

These include AHP, ANP, and QFD. These are reviewed in the MADM section below. 

Riabacke, Danielson, and Ekenberg (2012) provide a review of the latest methods for 

prescriptive weight elicitation for weights-based methods. Marler and Arora (2004) 

provide information concerning the Pareto-optimality of these methods, which shall be 

discussed below. 

The Weighted Global Criteria method is based on formulas (2.5) and (2.6) where the 

weights do not all equal one, and the exponent p can vary and does not have to equal one. 

Since p can vary, this method is also called the weighted exponential sum. If p = 1, then 

this becomes the Weighted Sum Method (WSM), also called the Simple Additive Weight 

(SAW) method.  

The Weighted Min-Max (Weighted Tchebycheff) method is similar to the Weighted 

Global Criteria method depicted in formula (2.6), where the exponent p tends toward 

infinity. With a high p and varying the weights, this method provides the conditions 

necessary for Pareto-optimality (Marler and Arora 2004, Miettinen 1999). It is given by 

the following equations: 

𝑈 =  max𝑖{𝑤𝑖[𝑓𝑖(𝑥) −  𝑓𝑖
°]}  (2.8) 

𝑈 =  max𝑖{𝑤𝑖[𝑓𝑖(𝑥) −  𝑓𝑖
°]} + 𝜌 ∑ [𝑓𝑗(𝑥) −  𝑓𝑗

°]𝑘
𝑗=1   (2.9) 

The equation (2.9) is called the Augmented Weighted Tchebycheff method, where 𝜌 is a 

small scalar provided by the decision maker. 
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Goal Programming has several different methods which include weights. 

Archimedean Goal Programming (Charnes and Copper, 1977) is a modification to goal 

programming where weights are given to the differences between each objective function 

and its goal. Preemptive or lexicographic Goal Programming (Charnes and Copper, 1977) 

ranks the objectives and their respective goals, and the deviations from the goals are 

minimized in that order.  Zeleny (1982) showed that both Archimedean and Lexicographic 

Goal Programming may lead to non-Pareto optimal solutions. There are two methods 

related to Goal Programming that are also based on the Weighted Min-Max method 

above. Goal Attainment (Hwang and Md. Masud, 1979) is a computationally better 

performing method compared to general goal programming (Marler and Arora 2004). 

However, all these goal programming methods are not necessary or sufficient for Pareto-

optimality (Marler and Arora 2004), which led to the creation of Reference Goal 

Programming (Ogryczak, 1994) that is also based on Weighted Min-Max. 

Two other methods include the Exponential Weighted Criteria method (Athan and 

Papalambros 1996) and Weighted Product method (Gerasimov and Repko 1978). The 

Exponential Weighted Criteria method can capture points in a non-convex Pareto-optimal 

surface and provide necessary and sufficient Pareto optimality, while the Weighted 

Product method provides a means to use criteria at their native scale and not have to 

normalize them (Marler and Arora 2004). 

As shown, the use of weights in MCDM and MOO is very widespread, with methods 

developed and used since the 1970s. Several authors have criticized the use of weights 

for several reasons. The first is the issue of subjectivity. Achille Messac (1996), in 

developing the Physical Programming method, presented a new method which does not 
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use weighting. He argued that the initial establishment of weights is very subjective, and 

the adjustment of weights by the decision maker after the execution of the aggregate 

objective functions is not straightforward. It is not clear what weights should be adjusted 

and by how much. This also presents the perception that weighting methods allow the 

decision maker to reach a pre-determined conclusion rather than a more objective 

choice. On a different note, Reilly and Doherty (1992) argued that decision makers or 

“Judges” may not have the required insight on how to establish corrected weighting 

amongst several criteria to lead to rankings and option selections that reflect the desires 

of the judges. “There is the distinct possibility that while people have reasonable self-

insight on judgment tasks, they do not know how to express that insight. Or pointing the 

finger the other way round, while people do have insight we do not know how to 

measure it” (Reilly and Doherty, 1992, p. 305).  

There is also the issue concerning what scales are used to normalize the attribute or 

criteria values even before weights are applied, and the means to scale weights. Monat 

(2009) provides a description of several different scales used in the literature for both 

criteria values and weights. For criteria, there is developing a “local scale” based on the 

minimum and maximum values of the criteria the current options under discussion. The 

scales normally go from 0 (the worst value) to 10 or 100 (for the best value), and other 

values are calculated as a proportional value between the min and max values. A 

“Global scale” is based on the decision maker’s experience or expectations concerning 

the possible minimum and maximum values for a criteria, and not the values from the 

existing options. Weighting scales include simple category weights that indicate the 

decision makers’ view of the proportion of the total weighting scale an attribute should 
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receive, importance weights that indicate the comparative importance between the 

various attributes or criteria, swing weights that show the importance of a criteria’s 

swing from lowest to highest values compared to the related swing in values in the other 

criteria, and then weight adjustments due to the scale used. 

The use of weights and the scales chosen for criteria values have interdependent 

effects, as outlined by Nitzsch and Weber (1993). For instance, Goodwin and Wright 

(2004) show that importance weights should not be used with local scales, especially with 

scales where the minimum and maximum range of values for a criteria are small. This is 

also discussed by Marler and Arora (2010) and Nitzsch and Weber (1993) who develop 

the subject in the context of Multi Attribute Utility Theory (MAUT). They present a 

Range Sensitivity Index (RSI) to aid in the development of weights in response to the 

criteria ranges. While this seems to be an aid in the use of weights, Monet found through a 

survey of the literature that decisions makers usually do not and cannot adjust the weights 

as needed to account for range, even when using RSI.  Their recommendation was to use 

global scales in developing criteria ranges, which are normally not addressed or used in 

the literature (Monat 2009). 

2.4.2.5 Vector-based Methods. 

Vector-based methods provide an AOF whose result is a vector (size k) of individual 

objective function values. We examine two groups of methods, Lexicographic and 

Genetic Algorithms. 

Lexicographic method provides optimal vectors by first sorting the objective functions 

a priori using decision maker preferences. It is sufficient for Pareto-optimality and is 

relatively simple to implement (Marler and Arora 2004). While the ordering of objectives 
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implies a priori articulation of preferences, objectives can be ordered randomly using no 

preference articulation and provide good results (Coello 2001). According to Andersson 

(2000), a disadvantage of the lexicographic method is that not all objectives may be 

considered as consideration of alternatives stop when they cannot be distinguished at a 

certain level. This method is more commonly used in combination with other methods, 

such as goal programming and genetic algorithms (Andresson 2000). 

Genetic Algorithms (GA) were originally developed by John Holland (1975) to use 

the concepts of DNA, evolution, and natural selection. Objectives relate to genes, and the 

set of objectives within the multiobjective problem relate to the idea of chromosomes. An 

individual instantiation of a chromosome is a design point. The instantiations of multiple 

chromosomes with different objective values expressed by the genes form a population. 

Each iteration of the GA algorithm is called a generation. As a nature-inspired, 

metaheuristic method (Baghel, Agrawal, and Silakari 2012), it provides a globally Pareto-

optimal vector answer to multi-objective problems (Marler and Arora 2004). 

GAs are computationally complex (Marler and Arora 2004), as there are several ways 

to represent the genes and chromosomes, as well as different means to conduct the basic 

GA operations of selection, crossover, and mutation. Once an initial population is 

established, chromosomes must be selected. Coello (2001) provides a description of the 

use of MOO techniques that can be used to select chromosomes, to include the Weighted 

Sum, Goal Programming, Lexicographic, and Weighted Min-Max. There are also multi-

objective GA algorithms for selection, to include the Vector Evaluated Genetic Algorithm 

(VEGA) (Schaffer 1985), Non-dominated Sorting Genetic Algorithm II (NSGA-II), 

Ranking (Garza-Fabre, Pulido and Coello 2009), Pareto-Set Filtering and Tournament 
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Selection (Coello 2001, Marler and Arora 2004). Hughes (2005) compares these selection 

methods and concludes that Multiple Single Objective Pareto Sampling (MSOPS) 

techniques are better than VEGA or NSGA-II methods when there are more than three 

objectives.  

Selected chromosomes then need to be merged to form new chromosomes, thereby 

adding to the population in the crossover process. A mutation process can then be 

conducted to vary the chromosome encoding which introduces “diversity” into the 

population, thereby allowing the GA algorithm to further explorer the solution space and 

not converge to a few number of points (Augusto, Bennis, and Caro 2012).  

2.4.2.6 MADM Methods. 

MADM methods are those methods that are used for discrete problems where there are 

normally small numbers of alternatives or criteria, with variable values that can include 

qualitative as well as quantitative values used in the MOO techniques. The methods are 

grouped into Outranking methods, Analytical Hierarchal Process (AHP) family of 

methods, and TOPSIS, which is a popular method for deciding alternatives, although it 

can be used on MOO problems since it is based on the Global Criteria method.  

Outranking methods, such as Elimination EtChoix Traduisant la REalite (ELECTRE) 

and Preference Ranking Organization METHod for Enrichment of Evaluations 

(PROMETHEE), compare alternatives in a pairwise fashion. Hence, they suffer in 

performance as the number of alternatives increases as there are 2
n
 comparisons that are 

necessary. These comparisons may lead to situations where the pair may not be 

comparable, or the comparison results may be inconsistent. For instance, A is better than 

B, B is better than C, and C is better than A (Stewart 1992).  
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The ELECTRE-based methods (Roy and Vincke 1981) is a family of methods that 

includes ELECTRE-I, II, II, IV, IS and TRE. The method uses concordance and 

discordance indices, where the decision maker considers weights that provide information 

for and against one alternative versus another. The leading alternatives have higher 

concordance index values while also smaller discordance index values. The ELECTRE 

methods are useful in down selecting alternatives to the top contenders, although the 

method may not necessarily lead to a top choice (Pohekar and Ramachandran 2004). The 

comparisons in ELECTRE can be descriptive to the decision maker when the number of 

alternatives is around six or less (Stewart 1992). The PROMETHEE method (Brans and 

Vincke 1985) is a pairwise comparison of alternatives, using six criteria. These criteria are 

weighted by the decision maker and are used to create a multi-criteria preference index. 

REGIME (Nijkamp, Hinloopen and Rietveld 1983) is also another pairwise ranking 

method. It works by first having the decision maker create an impact matrix that provides 

performance measure of each alternative. Then a set of weights is also generated to show 

the relative importance of the criteria to the decision maker. Like ELECTRE, it uses the 

idea of concordance and discordance to compare the alternatives. Criteria can be 

qualitative, but must be converted into a quantitative form. 

Another very prominent pairwise comparison method is the Analytical Hierarchy 

Process (AHP) (Saaty 1980, Saaty 2008). This is not an outranking method, but a 

structured mechanism to generate the weights that can then be used in the Weighted Sum 

Method to determine the best alternative. In AHP, the decision makers need to categorize 

the criteria into a hierarchy of criteria for which a pairwise comparison is conducted 

between criteria at the same level. The comparisons are given a 1-9 scale value. Pairwise 
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comparisons are done between the criteria and between the alternatives. Hence, in this 

method, the alternatives need to be established a priori. Also, since there are 2
n
 

comparisons per group of criteria, this method can take a great deal of time to accomplish.  

On of the issues with AHP, as well as some other common methods, is rank reversal 

(Belton and Gear 1983, Stewart 1992, Zanakis et al 1998). Rank reversal is a phenomenon 

where the relative ranking between alternatives changes when new alternatives are 

introduced. When compared to the methods of Simple Additive Weighting, Exponential 

Weighting, TOPSIS and ELECTRE, AHP showed the second most effect to rank reversal, 

with ELECTRE being affected the most (Zanakis et al 1998). Stewart (1992) also asserts 

other issues to AHP. First, weights are developed without regard to the range of values of 

the related criteria. This is a general problem of weighting addressed by Nitzsch and 

Weber (1993). Second, the 1-9 scale used to assess criteria pairs is used as a ratio, 

implying that a pair that receives a 4 is twice as important as a pair that receives a 2, which 

is not the intent of the scale. 

The last MADM method this review covers is the Technique for Order of Preference 

by Similarity to Ideal Solution (TOPSIS) (Hwang and Yoon 1981). It is a MOO method 

based on the Global Criteria formula (2.6).  TOPSIS takes two measurements to judge the 

optimality of a point – its Euclidean distance from Ideal Point and the distance from the 

Negative Ideal point. The optimal points minimize the distance from the Ideal and 

maximize the Negative-Ideal distance. 

TOPSIS can also use weighting to affect the distance measurement per attribute. Olsen 

(2004) examined the use of weights within TOPSIS. TOPSIS criteria need to be 

normalized, just as it is done in the common Simple Additive Weights method. Hence, it 
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is susceptible to the weighting and scale issues (local versus global scales) as other 

weighting methods. Another issue with TOPSIS is that it can suffer from rank reversal 

(Olsen 2004, Zanakis, Solomon, Wishart and Dublish 1998). 

 2.4.2.3 Metaheuristic Methods. 

Metaheuristic methods use algorithms or procedures to explorer the solution space. 

The term was first used by Glover (1989) in the development of the Tabu Search 

technique. Some of these methods are inspired by nature, such as simulated annealing, 

particle swarms and the ant colony approach. Genetic algorithms are also considered a 

metaheuristic approach, although that method is covered in another section.  

Tabu Search (Glover 1989) is a search technique that was originally developed to 

search beyond the local search space in combinatorial problems. The key to the Tabu 

Search is the storage of a set number of points already visited by the algorithm. As Pareto-

optimal points are found, they are stored and if the search finds that point again, it is 

ignored. It is “tabu”, and a new point is developed. Figure 2-3 is the algorithm of the Tabu 

Search. 

In the Tabu algorithm of Figure 2-3, the set X are points or alternatives within the 

feasibility space and S is the set of points that should be considered in the search for 

Pareto optimal points. A point, sk, is selected from S that is not a member of T, the Tabu 

list. If the current point is more optimal than the last point examined in a prior iteration, 

then the point sk is added to the Tabu list. The algorithm will repeat until k, the counter, 

reaches a pre-determined number or there are no other points in S that are not already in 

the Tabu list.  
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The following methods are nature-inspired methods. Simulated Annealing 

(Kirkpatrick 1983) conducts random searches of possible optimal points while taking 

concepts from thermodynamics. With every iteration, the technique runs a probability 

function to decide if it should leave the local neighborhood. Once the decision of 

neighborhood is made, a new 

 

Figure 2-3. Original Tabu Search Algorithm from Glover (1989). 

point is selected. It also keeps track of the last point it decides to keep. The decision on 

whether to keep the point is based on two factors. If the new point is considered to 

dominate the last held point, the new point is kept. If the new point is not more optimal, it 

may still be kept depending on the number of iterations the method has accomplished. 

Using the idea of annealing metals, metals are cooled slowly to improve their properties. 

In Simulated Annealing, the more the method iterates, the “cooler” it becomes and hence 

the less likely the algorithm will accept a worse solution than the one it already has. The 

probability used is based on the Boltzman distribution. The other two methods that are 
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nature-inspired, other than Genetic Algorithms,  are the Particle Swarm method (Kennedy 

and Eberhart, 1995) and the Ant Colony Optimization method (Dorigo, 1992). 

2.4.2.4 Method Combinations. 

Many times, these techniques are used in combination to work problems. Called 

Hybrid methods, Andersson (2000) provided four categories of hybrids: Pipelining, 

Asynchronous, Hierarchal, and Additional Operator hybrids. Pipelining hybrids use 

different methods sequentially. For instance, genetic algorithms, lexicographic, and goal 

programming methods have already been mentioned as techniques used to down-selection 

are large field of alternatives. Asynchronous hybrids have multiple methods operating 

simultaneously on different parts of the solution space. Heirachal hybrids use different 

techniques at different levels of optimization. For instance, McAllister et al (2004) use 

Linear Physical Programming and goal programming at different levels. Finally, the 

Additional operators  method embeds one techniques within another.  Coello (2001) 

provides several examples of different MOO techniques used as a selection function 

within Genetic Algorithms. 

The literature shows several common pairings of methods. One pairing is between 

AHP methods and TOPSIS. Sipahi and Timor (2010) provide statistics on the use of AHP-

based methods with other MCDM techniques. Other literature showing the common use is  

“Vendor Evaluation Using Multi Criteria Decision Making Technique” by Elanchezhian,  

Ramnath, and  Kesavan (2010) and an article by Trehan and Sharma (2012). Other 

methods are starting to be paired with physical programming. This includes AHP (Shad, 

Roghanian, and Mojibian 2014) and Quallity Functional Deployment (QFD) (Lai, Xie, 

and Tan 2006, Shad, Roghanian and Mojibian 2014). 
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2.4.3 Physical Programming 

Physical Programming (Messac 1996) is a method derived from the design 

optimization area that seeks to avoid the use of weights by focusing on the specification of 

a series of continuous ranges crossing the spectrum from unacceptable to ideal for each 

objective. The name comes from the idea of the decision maker using physically 

meaningful values, and it should not be confused with linear programming.  

Unlike other methods, the objective values do not need to be normalized. The 

objective functions are formulated to generate spline curves that cross the boundary points 

between ranges, and the objective functions for all metrics generate the same value at their 

respective range boundary values. This method is a minimization function, although it can 

handle criteria that need to be either minimized, maximized, or stay close to a specific 

value or range. Also, the criteria of Physical Programming can be any kind of variable – 

dependent vaiables, independent variables, design variable, and constraints (Messac 

1996). 

According to Marler and Arora (2004), Physical Programming is both necessary and 

sufficient for Pareto-optimality. It is also very expressive in terms of specifying user 

preferences, although calculating the AOF can be complicated. While they list this method 

as being applicable for both a priori and posteriori preference articulation, it has also been 

shown to be useful for progressive or interactive preference articulation (Tappeta, Renaud, 

Messac, and Sundararaj 2000). 

2.4.3.1 Background 

As seen in Figure 2-4 (Messac and Wilson 1998; Mullur, Mattson, and Messac 2003), 

PP classifies its design metrics or parameters into hard and soft classes. Hard classes are 
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simply binary membership functions. The parameter value is either less than, greater than, 

or equal to a certain defined value or between two defined values. Optimization occurs 

only with the soft classes. Soft classes measure how well a parameter value falls within a 

particular region within the class. The regions are defined by boundary values between the 

regions (𝑡𝑖𝑠, 1 ≤ 𝑠 ≤ 5 for classes S-1 and S-2, and 𝑡̃𝑖𝑠
+: 1 ≤ 𝑠 ≤ 5 and 𝑡̃𝑖𝑠

−: 1 ≤ 𝑠 ≤ 5 for 

classes S-3 and S-4). These regions are described in the following list, where 𝑔𝑖 is the 

value of parameter i: 

 Unacceptable range (region 6), where (𝑡̃𝑖5
+ ≤  𝑔𝑖) 

 Highly undesirable range (region 5), where 𝑡̃𝑖4
+ ≤  𝑔𝑖 ≤  𝑡̃𝑖5

+  

 Undesirable range (region 4), where 𝑡̃𝑖3
+ ≤  𝑔𝑖 ≤  𝑡̃𝑖4

+   

 Tolerable range (region 3), where 𝑡̃𝑖2
+ ≤  𝑔𝑖 ≤  𝑡̃𝑖3

+  

 Desirable range (region 2), where 𝑡̃𝑖1
+ ≤  𝑔𝑖 ≤  𝑡̃𝑖2

+  

 Highly desirable range (region 1), where 𝑔𝑖 ≤  𝑡̃𝑖1
+  

As you move across the regions, from highly desirable to highly undesirable, the value of 

the objective function, 𝑍̌𝑠, grows exponentially, based on the number of soft criteria 

parameters, 𝑛𝑠𝑐. The difference in objective value between region boundaries 𝑡̃𝑖𝑠
+, 𝑡̃𝑖(𝑠−1)

+  is 

𝑍̃𝑠 

𝑍̃𝑠 =  𝛽(𝑛𝑠𝑐)𝑍̃𝑠−1       (2 ≤ 𝑠 ≤ 5) (2.10) 

where 𝛽 is a concavity factor. As part of the design, 𝑍̌𝑠  at  𝑡̃𝑖𝑠
+ for any parameter i is the 

same. For each parameter, the farther away the parameter 𝑔𝑖 moves toward the 

undesirable form of inter-criteria preference. 
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Figure 2-4. PP and LPP Classes and Region Depictions (Ma and Dong 2008). 

PP forms a spline curve through the points (𝑡̃𝑖𝑠
+ , 𝑍̃𝑠) (Messac 1996). The creation of 

this spline and the calculations for finding 𝑍𝑖 make PP difficult to implement. An easier 

version of the objective functions come from Linear Physical Programming (LPP). LPP 

replaces the spline curve with line segments between the region boundary points, as seen 

in Figure 2-4 (Ma and Dong 2008). The calculations to find Z are as follows, which 

contain slight differences from the PP equations: 

𝑍𝑆 =  𝑍𝑖(𝑡𝑖𝑠
+) =  𝑍𝑖(𝑡𝑖𝑠

−)      ∀𝑖;   (2 ≤ 𝑠 ≤ 5);  𝑍1 = 0; 𝑍2 = 0.1 (2.11) 

𝑍̌𝑠 = 𝑍𝑠 −  𝑍𝑠−1;   (2 ≤ 𝑠 ≤ 5) (2.12) 

𝑍̃𝑠 =  𝛽(𝑛𝑠𝑐)𝑍̃𝑠−1       (3 ≤ 𝑠 ≤ 5); 𝑛𝑠𝑐 > 1;  𝛽 > 1 (2.13) 

Part of the requirement of PP and LPP is that the graph stays convex. The following 

equations are used to check convexity for all parameters: 

𝑡̃𝑖𝑠
+= 𝑡𝑖𝑠

+ -𝑡𝑖(𝑠−1)
+ ;    𝑡̃𝑖𝑠

− = 𝑡𝑖𝑠
− −  𝑡𝑖(𝑠−1)

− ; (2.14) 

𝑤𝑖𝑠
+ =

𝑍̃𝑠

𝑡̃𝑖𝑠
+ ;  𝑤𝑖𝑠

+ =
𝑍̃𝑠̃

𝑡̃𝑖𝑠
+ ;   (2 ≤ 𝑠 ≤ 5),  (2.15) 
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which is the slope of the s region. 

𝑤̃𝑚𝑖𝑛 = 𝑚𝑖𝑛{𝑤𝑖𝑠
+; 𝑤𝑖𝑠

−}  > 0; (2 ≤ 𝑠 ≤ 5)    i: parameter (2.16) 

where  

𝑤̃𝑖𝑠
+ =  𝑤𝑖𝑠

+ −  𝑤𝑖(𝑠−1)
+  (2.17) 

𝑤̃𝑖𝑠
− =  𝑤𝑖𝑠

+ −  𝑤𝑖(𝑠−1)
+  (2.18) 

𝑤𝑖𝑠
+ =  𝑤𝑖1

− = 0 (2.19) 

The preference function is then merely solving for a linear function at 𝑔𝑖, the parameter 

value. 

𝑍𝑖 =  𝑍𝑖𝑠 + (𝑔𝑖 − 𝑡𝑖𝑠
+)𝑤𝑖𝑠

+      (𝑡𝑖𝑠
+ < 𝑔𝑖 ≤ 𝑡𝑖(𝑠+1)

+ ) (2.20) 

Once 𝑍𝑖 has been calculated for all parameters i, 1 ≤ 𝑖 ≤  𝑛𝑠𝑐, the PP AOF, Z, can be 

taken: 

𝑍 =  
1

𝑛𝑠𝑐
𝑙𝑜𝑔(∑ 𝑍𝑖𝑛𝑠𝑐

𝑖=1 ) (2.21) 

2.4.3.2 Methodologies. 

In addition to the original Physical Programming method, several variations now exist. 

Linear Physical Programming (LPP) replaces the spline curves with piecewise linear 

functions (Messac, Gupta, and Akbulut 1996), making the calculation and use of PP much 

easier. A form of Physical Programming for progressive preference articulation was 

developed by Tappeta et al (2000). There is a Fuzzy version of Physical Programming 

developed by Tian, Huang, and Guan (2002). Also, Global Physical Programming, a 

version that uses Genetic Algorithms to do the point searching as the optimizer, was 

developed by Sanchis et al (2010). Off all the variant, LPP is by far the most popular in 

the literature, with 37 publications out of a total of 43 (Ilgin and Gupta, 2014). 
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2.4.4 Applications. 

Many say that there is no one best technique for conducting MCDM and its sub-areas, 

such as MOO (Polatidis, Haralambopoulos and Munda 2006). Korhonen, Moskowitz, and 

Wallenius (2006) provide a framework to determine the use of discrete or continuous 

methods in addition to describing the characteristics of those problem spaces. They also 

provide a good example of using factors to choose among MCDM methods, such as the 

need to use qualitative or quantitative data, preference articulation by the decision maker, 

the need to establish weights, the need to handle uncertainty in the data, and practical 

considerations, such as the ease of use of the method. However, another means to judge 

the appropriateness of a given method is to view if it has been used in a relevant 

application area. This section does a quick review of key application areas found in the 

literature.  

2.4.4.1 Design Optimization. 

Many of the papers reviewed dealt with using MOO for design choices. Examples 

using LPP include a high-speed civil transport (HSCT) (Messac and Hattis 1996), water 

distribution networks (Jamieson 2007), turbine design (Zhang 2010), and conducting 

portfolio choices (Messac, Martinez, and Simpson 2002). Mcallister, Simpson, Lewis, 

and Messac (2006) use LPP in conjunction with Goal Programming in designing a 

system within the Multidisciplinary design optimization (MDO) domain using the 

Collaborative Optimization (CO) framework developed by Braun and Kroo. Goal 

programming is used within both the system and subsystem level to set goals, and the 

CO framework is used to define variables that link the various subsystems to the overall 

system criteria. 
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2.4.4.2 Concept Exploration. 

Recent literature is starting to address more the use of MOO during the conceptual 

and pre-design stages. Curtis et al. (2013) provide a MOO strategy that explores the 

design space beyond the initial definitions of the problem dynamically, in a “divergent” 

fashion. In their concept called formulation space exploration, where the problem can be 

redefined dynamically to identify new requirements and preferences. They also present 

metrics to assess the new concepts as they are developed.  Guenov et al. (2010) 

proposed a multi-disciplinary design framework using a workflow management process, 

along with the use of MOO, sensitivity analysis, and modeling the effects of uncertainty 

in the problem model. Huang, Liu, Li, Xue, and Wang (2012) present new evaluation 

methods for conceptual design selection using computational intelligence techniques 

using LPP as well as several other methods.  

2.4.4.3 Energy Planning. 

Polatidis, Haralambopoulos and Munda (2006) and Pohekar and Ramachandran 

(2004) review energy planning in their article “Selecting an Appropriate Multi-Criteria 

Decision Analysis Technique for Renewable Energy Planning”. The overall conclusion 

for that area is that outranking techniques, which provide a general ranking of a discrete 

set of alternatives, and allows for in comparability because of a lack in available data, 

seemed more appropriate for this sector that utility-based methods that required enough 

data to construct weights and compare factors. However, these results are limited in that 

they did not evaluate continuous, mathematical programming methods or mention 

evolutionary methods, and they also conclude that there was no perfect method based on 

their evaluation criteria.  
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2.4.4.5 Project Alternatives. 

Gao, Feng, and Yang (2008) reference several techniques that have been used in 

information system selection. These include Buss (1983) using ranking methods, Lucas 

(1976) using scoring, Badri and Davis (2001) using mathematical programming, and 

AHP and ANP methods (Lee and Kim 2000, Lai, Wong, and Cheung 2002). TOPSIS 

was used recently within an AOA for selection technology (Georgiadis, Mazzuchi, and 

Sarkani, 2013), while Gao, Feng, and Yang (2008) used a variation of TOPSIS, called 

Fuzzy TOPSIS, to conduct an information system project selection. MADM techniques, 

to include SAW and TOPSIS were evaluated by Chang (2005). 

2.5  Current Gaps in the Literature. 

While the general events for DoD weapon system requirements formulation and 

alternatives development for MS A are defined, there are no specific guidance or 

examples of how this work can or has been done. In discussions with the Deputy Director 

for SE Policy and Guidance, Office of the Deputy Assistant Secretary of Defense, Systems 

Engineering, there are no public cases that provide details of programs that have 

conducted the integrated cost and technical analysis required by WSARA (Sedmak, 

personal communications, 2012). A literature search did not yield any cases.  

There has been modeling and simulation research within the design area that has used 

surrogate modeling and probabilistic models to estimate the technical performance using 

chosen material components (Biltgen, Ender, and Mavris 2006; Ender 2006; Ender et al. 

2010; Reddy, Fertig, and McCormick 2006). By choosing components, these models can 

aggregate attributes, such as weight, and through surrogate model development, create 

relationships between these attributes and performance metrics. However, these efforts 
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have not provided a method to link user capabilities to the component selection or the 

automation of picking multiple components within a component type. Currently, the 

selection of components that affects a system’s cost and performance is conducted via 

interaction with the designer (Yukish, Stump, and Lego 2007). 
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Chapter 3: Methodology 

 

As the final processes for developmental planning are not yet well defined by DoD, 

the research took a mixed methodology approach, incorporating both quantitative and 

qualitative approaches provide the basis for the model and the statistical experimentation 

to show its effectiveness. To build a model and processes to integrate cost and 

performance estimation, we needed to understand what types of systems and programs 

related to specific cost growth causes. This would provide the scope of programs that 

would be applicable for this research and benefit from it. We conducted a descriptive 

statistical analysis of the types of programs and their corresponding cost growth causes 

from pre and post WSARA studies. This presupposes a means to categorize the causes for 

that growth. However, there are several approaches to categorizing cost growth causes that 

are used in the literature. We analyzed the different category structures in the literature 

that can be used to normalize the data across various root cause analyses.  

Second, most cost growth cases were conducted pre-WSARA. We presented three 

new cases of programs conducting in-depth systems engineering and cost analysis as 

required by WSARA. This helped us better understand how various programs shown as 

relevant from our cost growth statistical analysis conducted their pre-MS A activities. This 

included their processes, techniques, and teams used to address the need for established 

technical and cost baselines by MS-A/concept exploration phase.  

Finally, we assessed the methodology to construct the technical/cost model. We 

focused on the types of MOO techniques available that can be used to balance the inter-

related factors of cost, SWaP, and various performance measures that result from the 
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mapping of capabilities to material components. The overall framework is depicted in 

Figure 3-1. 

 

Figure 3-1. Methodology and Theoretical Framework 

3.1  Cost Growth Root Cause Analysis. 

To understand the types and sources of systems that experience different categories of 

cost growth that can be addressed by our cost/performance model, we went to various root 

cause analysis documents. These included a statistical analysis of several defense 

programs (Bolten et al. 2008), aviation platforms (Bronson et al. 2010; Fox et al. 2011; 

Younossi et al. 2005), and programs that had gone through major congressional review for 

critical cost growth increases (Blickstein et al. 2011; Blickstein et al. 2012). Many of these 

documents come from the Performance Assessment and Root Cause Analysis (PARCA) 

organization within the Office of the Under Secretary of Defense for Acquisition, 

Technology, and Logistics (OUSD (AT&L)). The systems analyzed all had significant 

(>15%) variance from their baseline. Hence, the analysis provides an understanding of the 
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correlation of different system types to root causes and the correlation of root causes with 

each other. 

The literature presents several methods of categorizing cost growth causes.  Table 3-1 

presents the major categories, while many references present their own cost growth 

categories. All DoD major acquisition defense programs (MDAPs) provide System 

Acquisition Reports (SARs) that present a status of their current cost against an 

established baseline. SARs are also required if the program breaks its cost threshold by 

15% (a significant breach) or 25% (a critical breach). A critical breach results in a major 

review by the DoD Acquisition Executive and Congress and may lead to the program’s 

termination. 

Table 3-1. Major Categories of Cost Growth Causes 

 

The SAR has the following categories in which cost variances are listed and 

explained: estimation, quantity, schedule, support, economic, engineering, and other. 

However, there are several reasons why SARs are problematic for analysis. These include 
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the training of the SAR writers, the mixing of cause and effect in allocating costs to the 

correct cause, reporting inconsistently over time and between programs, limiting SARs to 

major programs, changing cost estimates and requirements over time, and not explaining 

programmatic context for the cost growth (Bolten et al. 2008). The RAND 2008 report 

(Bolten et al. 2008) created its own category using four subgroups: errors, decisions, 

financial, and miscellaneous. WSARA established a new category structure for cost 

growth causes which seems commonly used in recent cost analysis papers. 

To use both the data from the RAND 2008 study and more current cost growth root 

cause analysis reports, we chose the RAND 2008 taxonomy, rather than the more current 

WSARA taxonomy or the original SARs. First, the RAND study does not state in detail 

how they analyzed the individual SARs and reassigned cost data into their own taxonomy. 

They did present a detailed matrix that showed a complicated many-to-many relationship 

between their taxonomy and the SAR. Hence, trying to conduct our own study using SAR 

data could introduce different interpretations that would affect any statistical analysis. 

Second, the WSARA taxonomy has a major category not addressed in the RAND study—

poor government or contractor performance. It would be very hard, if not impossible, to 

backfit that category into the RAND study. Third, the RAND study had a more detailed 

breakout that included distinguishing cost from schedule estimate errors. As we will show, 

we believe it is a mistake to lump these two types of errors together. 

With the in-depth root cause analysis from PARCA of individual and small groups of 

systems using the WSARA model, we were able to work from that model back to the 

RAND taxonomy. Our mapping between the two taxonomies is shown in Table 3-2. The 

majority of systems with root cause analysis data came from the RAND 2008 study, 
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which had specific criteria as to the systems it included. Some of these criteria required 

that these programs be reasonably current, with a MS B decision after 1980, and were well 

established by having a sizable amount of procurement budgeted up through the year of 

the study and not having been cancelled early in procurement. The programs had to have 

established estimates for costs and procurement quantity. Also, being an Air Force study, 

included programs were consistent with the complexity of existing Air Force programs. 

This resulted in ships and submarines not being included. To stay consistent in our review, 

we did not include cost analysis that did not fit these criteria. Hence, we did not include 

the Guided Missile Destroyer DDG 1000 (Blickstein et al. 2011) or Future Combat 

System (FCS) (Pernin et al. 2012) programs. Unlike the RAND study, other papers 

explicitly placed programs into specific cause categories without trying to break out costs 

per category. 

Table 3-2. Mapping between WSARA and RAND Cost Growth Cause Categories. 

 

To address the differences in expressing the assignment of programs to root causes 

(cost growth per cause category versus explicit assignment to a category), this analysis 

converts cost growth percentages to a member assignment of a cost growth category, such 
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as quantity change. As the DoD judges a total 15% cost increase as significant for SAR 

reporting purposes, any cost growth of over 7.5% associated with any single cost growth 

cause results in the program’s membership with that cause type. 

3.2  Pre-Design Case Development and Analysis. 

Post-WSARA developmental phase case studies of DoD systems are virtually non-

existent in the literature or in internal forums known by the Systems Engineering Office of 

the Secretary of Defense (OSD) (Sedmak, personal communications, 2012). Since 

WSARA was passed only recently in 2009, there are few frameworks on which to build 

techniques and models to guide pre-MS A activities.   

As present by Robert K. Yin (2009), case studies are an appropriate method for our 

research problem. It is “preferred in examining contemporary events, but when the 

relevant behaviors cannot be manipulated” (Yin 2009, 11). It serves to help understand the 

events within different contexts where there may be more variables than can be addressed 

in other data collection methods. Pre-MS A activities undertaken by different programs 

under different constraints fit this description. According to Yin, this method can provide 

several benefits. It serves well to answer the questions of “how” and “why”. It can provide 

generalizable results, and has been useful as an exploratory stage before using other 

research methods. Additionally, case studies can include quantitative data which can be 

useful in a mixed-methods approach (Yin 2009). 

Friedman and Sage (2004) describe the case study methodology as it applies to 

systems engineering, and refer to Yin’s work in developing their proposed framework for 

systems engineering case studies. This research uses Friedman and Sage (2004) and Yin 

(2009) as a foundation on conducting this portion of the research. Yin (2009) lists five 
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components important to a case study design: the studies questions, propositions, units of 

analysis, the logic linking the data to the study’s propositions, and criteria for interpreting 

the findings. Yin also stresses that these components need to be supported by a basic 

theoretical foundation on which to start the data collection and define these five 

components (Yin 2009, 35). 

For this portion of our research, the research question for the case analysis is how 

existing efforts by DoD material development offices have been conducted to accurately 

determine cost and affordable requirements. As such, this is an exploratory case study 

where We also have these sub-questions that align with our main research question: what 

are the common attributes that we could find among these efforts? How is cost estimation 

conducted within these cases? How are requirements stakeholders involved in the cost 

estimation and technical analysis process to evolve requirement? We also had several 

propositions. First, based on the literature review, pre-MS A activity will demonstrate 

system dynamics elements of iteration with feedback loops, both in the processes used as 

well as developing the cost and technical attributes of the program in question. Second, as 

we are concerned with how this activity is done, we propose that it is important to 

determine the tools used. Third, as cost estimates have been seen to be affected by both 

government and industry desires to gain positive decisions to go forward (Gardener and 

Moffat 2008), the governance structure is an important consideration. Fourth, we propose 

that the programs to include should conform to the types of programs with relevant cost 

growth causes determined from our cost growth analysis. Finally, we propose that the 

team composition performing the case activities are important to discover, based on the 

responsibility domain of the Friedman and Sage (2004) framework.  
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The unit of analysis defines the focus of the case study. For our cases, we used 

multiple embedded units of analysis that fall within the overall context of individual teams 

within DoD material development programs that are engaging in Pre-MS A cost and 

requirement development activities. Within this context, our units of analysis include the 

overall team process, the tools used to support the analysis process, the formation of 

requirements, the governance structure under which the teams perform, and the 

stakeholders that are directly involved with the teams in their estimation and requirement 

development activities. Depending on the information available for the specific case, we 

could not include all units of analysis for all cases. 

 Friedman and Sage (2004) list five techniques for conducting what Yin calls the logic 

linking the data to the study’s propositions. This is the analysis of the case studies. We use 

the technique of cross-case analysis and synthesis. Friedman and Sage (2004) indicate that 

comparative case study analysis can be effective for analyzing similar types of cases. 

These cases shall be used to find commonality and disparities among the processes, tools, 

cost analysis methodology, team structure, governance, and lessons learned from these 

current developmental phase efforts. 

Both Friedman and Sage (2004) and Yin (2009) discuss the issues of designing a 

quality case study, which include the four areas of construct validity, internal validity, 

external validity, and reliability. Addressing these areas helped guide the design of the 

case study portion of our research. Construct validity is “identifying correct operational 

measures for the concepts being studied” during the data collection and drafting of the 

study (Yin 2009). We attempted to access multiple sources of evidence, as depicted in 

Table 4-2. We also submitted the case study for review to the source program offices.  



 

54 
 

Internal validity is most concerned with avoiding researcher bias. According to Yin 

(2009), this is applicable to explanatory and causal studies only. Our case studies are 

exploratory, as we are researching a relatively new phenomenon where no new case 

studies exist. However, it is still a concern. The author has the most direct and prolonged 

experience with the SE OPT ACV case. This case study could almost have been a single-

case study where the SE OPT case was considered a revelatory case (one where 

researchers have not had access to such a case before). However, a multiple case study 

allows for pattern matching against our theoretical framework, and replicating those 

findings in other cases. It also allows for greater external validity to show a 

generalizability of the results. The multiple cases in this study are meant to use literal 

replication logic (Yin, 2009) where we are expecting similar results within our units of 

analysis among the different cases.  

3.3  Multi-Objective Optimization Techniques. 

As we will describe in detail in Chapter 4, our framework and model map capabilities 

to material components. That selection is based on the use of Multi-Objective 

Optimization (MOO) to select components based on a variety of metrics associated with 

the components. Marla and Arora (2004) and Andersson (2000) provide a thorough 

review of different types of MOO algorithms that are useful in engineering. The typical 

MOO problem seeks to minimize F(x), the aggregate objective function (AOF) that is 

based on the set of objective functions,  fi (x) for a vector x of k design metrics and n 

optimization parameters.  

Minimize F (x) = [ f1 (x) , f 2 (x) , . . . , f k (x)]T       (3.1) 

x  = x
1 , x2 ,..., xn  (3.2) 
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The design metrics may actually be composed of different types of variables, such as 

independent design variables or parameters (parameters under a designer’s control), 

dependent variables or design attributes (derived from other variables), state variables, 

environmental variables, etc. The value of F(x) is based on how the objective functions are 

related together, sometimes through a preference value, such as weights, to form an AOF.  

MOO methods can be grouped according to how the preferences between objective 

functions are determined (Andersson 2000; Marler and Arora 2004). These include the a 

priori articulation of preferences, where the importance or goals of the objectives comes 

before running the MOO method, progressive articulation of preferences, where the 

preferences between the objective functions is adjusted during the method execution, a 

posteriori articulation of preferences, where a solution is chosen from a set of possible 

optimal solutions after MOO execution, and finally no articulation of preferences. 

The cases we have reviewed show that we require a method that can handle a priori, a 

posteriori, and progressive articulation of preferences due to when the requirements are 

known. The method selected was LPP, a derivative of PP (Ilgin and Gupta 2012; Messac 

1996). In addition to the ability for PP to be used with different articulation preferences 

(Marler and Arora 2004; Tappeta et al. 2000), it has several other benefits. Unlike the 

commonly used weighting method, which requires subjective weights to be applied and 

then adjusted to suit the decision maker, PP and LPP avoid the use of weights through the 

specification of different desirability regions for each parameter (Marler & Arora 2004; 

Messac and Wilson 1998; Messac 1996). PP does not distinguish between independent 

and dependent variables, objective attributes, constraints, or goals. All these parameters 

are treated as design metrics that can be optimized against each other (Andersson 2000; 
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Marler and Arora 2004). Also, the PP algorithm is sufficient to produce Pareto-optimal 

results (Marler and Arora 2004). Finally, the AOF used in PP, a log of the sum of the 

individual parameter objective functions, does not require adjustments using weights or 

other modifications (Chen et al. 2000). 

Using the LPP method and the SE OPT case data, we can run statistical hypothesis 

testing to verify that our framework improves on average the system selection and APUC 

costs calculated using MS Excel spreadsheets to implement our framework. We calculate 

LPP scores for four sets of data. Each set will have eight values, which are the LPP values 

for each SE OPT system concept. The four sets include the original system concepts with 

component selection from the SE OPT team. The other three sets vary the system selection 

based on selecting components optimizing for weight, cost, and the overall LPP score of 

the components themselves using key component metrics.   

The following are the hypothesis test we will run using Paired t-test against the 

existing SE OPT case data: 

1. H0:   𝜇𝑆𝐸 𝑂𝑃𝑇 ≤  𝜇𝐿𝑃𝑃  (3.3)  

HA:  𝜇𝑆𝐸 𝑂𝑃𝑇 >  𝜇𝐿𝑃𝑃 (3.4) 

2. H0:   𝜇𝑆𝐸 𝑂𝑃𝑇 ≤  𝜇𝐶𝑜𝑠𝑡  (3.5) 

HA:  𝜇𝑆𝐸 𝑂𝑃𝑇 >  𝜇𝐶𝑜𝑠𝑡 (3.6) 

3. H0:   𝜇𝑆𝐸 𝑂𝑃𝑇 ≤  𝜇𝑊𝑒𝑖𝑔ℎ𝑡  (3.7) 

HA:  𝜇𝑆𝐸 𝑂𝑃𝑇 >  𝜇𝑊𝑒𝑖𝑔ℎ𝑡 (3.8) 

The first hypothesis test, represented by equations (3.3 and 3.4), is a one-tailed test. 

The alternate hypothesis is that the SE OPT mean of the LPP scores for the 8 system 

concepts is greater than the mean using our LPP model to choose components to satisfy 
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the capability requirements. As LPP is a minimization algorithm, a greater mean 

indicates a worse result. For the second (3.5 and 3.6) and third (3.7 and 3.8) hypothesis 

tests, we want to see if the results of using simple attributes of cost and weight provide 

results which are also better than the SE OPT results, so these tests are one-tailed also.  

We also have the following tests to compare our LPP component selection method 

within our model with simple methods of trying to minimize cost or weight. Just like 

hypothesis test # 1, hypothesis test #4 conducts a one-tailed test (formulas 3.9 and 3.10). 

The alternate hypothesis checks to see if the mean of the scores for the eight system 

concepts using cost as a component selection factor is greater than the mean of the 

system concept LPP scores using LPP as the component selection method. If we cannot 

reject the null hypothesis, then our LPP method did not perform statistically better than 

using cost. Hypothesis test #5 (3.11 and 3.12) is set the same way, except it examine the 

use of weight rather than cost. 

4. H0:   𝜇𝐶𝑜𝑠𝑡 ≤  𝜇𝐿𝑃𝑃  (3.9) 

HA:  𝜇𝐶𝑜𝑠𝑡 >  𝜇𝐿𝑃𝑃 (3.10) 

5. H0:   𝜇𝑊𝑒𝑖𝑔ℎ𝑡 ≤  𝜇𝐿𝑃𝑃  (3.11) 

HA:  𝜇𝑊𝑒𝑖𝑔ℎ𝑡 >  𝜇𝐿𝑃𝑃 (3.12) 
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Chapter 4: Research Results 

 

Using the methodology described in Chapter 3, the research provided three main 

products. First, it produced a statistical analysis determining correlations between different 

cost growth causes and attributes of the systems under analysis. Various cost growth 

analysis studies were mined for data, and systems were allocated into specific groups, to 

include significant cost growth causes, type of system, and Service source. This provided 

data concerning relevant cost growth causes which our model should address and what 

types and sources of systems are affected. Second, we provide three new cases to address 

the question regarding how relatively new programs are attempting to meet WSARA Pre-

MS A requirements. We conduct a new comparative case analysis using the United States 

Air Force Early Systems Engineering Guidebook as basis for key concepts to address. 

Finally, using the comparative case analysis results, we constructed an integrated cost and 

performance model and framework using system dynamics and show the application of 

Linear Physical Programming, a Multi-Objective Optimization (MOO) approach, for 

making decisions which the model. 

4.1  Cost Growth Statistical Analysis. 

To understand the types and sources of systems that experience different categories of 

cost growth that can be addressed by our cost/performance model, we went to various root 

cause analysis documents. These included a statistical analysis of several defense 

programs (Bolten et al., 2008), aviation platforms (Bronson et al. 2010; Fox et al. 2011; 

Younossi et al. 2005), and programs that had gone through major congressional review for 

critical cost growth increases (Blickstein et al. 2011; Blickstein et al. 2012). Many of these 



 

59 
 

documents come from the Performance Assessment and Root Cause Analysis (PARCA) 

organization within the Office of the Assistant Secretary of Defense for Acquisition, 

Technology, and Logistics (ASD (A)). The systems analyzed all had significant (>15%) 

variance from their baseline. Hence, the analysis provides an understanding of the 

correlation of different system types to root causes and the correlation of root causes with 

each other. 

As explained in Chapter 3, Methodology, we chose the RAND 2008 taxonomy 

(Bolten et al. 2008), rather than the more current WSARA taxonomy or the original SARs. 

With the in-depth root cause analysis from PARCA of individual and small groups of 

systems using the WSARA model, we were able to work from that model back to the 

RAND taxonomy. We followed the specific criteria used in that study to select the system. 

These criteria included that these programs be reasonably current, with a MS B decision 

after 1980, and were well established by having a sizable amount of procurement 

budgeted up through the year of the study and not having been cancelled early in 

procurement. The programs had to have established estimates for costs and procurement 

quantity. Also, being an Air Force study, included programs were consistent with the 

complexity of existing Air Force programs. This resulted in ships and submarines not 

being included. To stay consistent in our review, we did not include cost analysis that did 

not fit these criteria. Hence, we did not include the Guided Missile Destroyer DDG 1000 

(Blickstein et al. 2011) or Future Combat System (FCS) (Pernin et al. 2012) programs. 

Unlike the RAND study, other papers explicitly placed programs into specific cause 

categories without trying to break out costs per category. 

To address the differences in expressing the assignment of programs to root causes 
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(cost growth per cause category versus explicit assignment to a category), this analysis 

converts cost growth percentages to a member assignment to a cost growth category, such 

as quantity change. As the DoD judges a total 15% cost increase as significant for SAR 

reporting purposes, any cost growth of over 7.5% associated with any single cost growth 

cause results in the program’s membership with that cause type. 

The resulting data is summarized in Table 4-1, which provides basic descriptive 

statistics of the cost growth per service and type of system. The table presents descriptive 

statistics not provided before, which include new root cause analysis data. It shows the 

conditional probabilities of a particular cost growth cause, given the presence of a military 

service, system type, or an additional and present cost growth cause.  

From Table 4-1, several key patterns emerge. Whether looking at programs as grouped 

by service, system type, or the presence of cost growth causes given the presence of 

another, a key linkage is found between cost estimate errors and requirements errors and 

growth. While some of the statistics suffer from lower numbers of examples, the linkage 

between cost estimate errors and requirements errors was found using cluster analysis. The 

dendritic (Figure 4-1) shows the linkage between the two concepts.  

Notably, cost estimate and schedule estimate errors do not frequently occur together. 

Schedule estimate errors occur with at least a 7.5% cost growth impact only 8% of the 

time in the presence of cost estimate errors that also have at least a 7.5 % cost growth 

impact. Hence, the combining of cost estimate and schedule estimate errors as a single 

category in the WSARA model is not supported with our current data 

4.2  Pre-Design Case Development and Analysis. 

This section presents three new cases for a comparative case analysis. These cases are 



 

61 
 

from programs initiated after the passing of WSARA. The cases are the SE OPT effort  

Table 4-1. Cost Growth Descriptive Statistics. 

 

analyzing the Amphibious Combat Vehicle (ACV) and Assault Amphibious Vehicle 

(AAV) Upgrade, the Advanced Airborne Sensor (AAS) based on the Littoral Surveillance 

Radar System (LSRS), and the Army Reference Architecture for Force Basing, formerly 

know as Force Basing Portfolio Management. These cases represent three of the four 

major Armed Services and a mix of combat vehicle, aviation, and portfolio programs. All 

have a mix of hardware and software development, aligning with the characteristics of the 

majority of systems found to have cost overruns and requirements issues from our review 

of the cost growth literature. 
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Figure 4-1. Dendritic Showing Clustering of Related Cost Growth Causes. 

 

Friedman and Sage (2004) indicate that comparative case study analysis can be 

effective for analyzing similar types of cases. These cases are used to find commonality 

and disparities among the processes, tools, cost analysis methodology, team structure, 

governance, and lessons learned from these current developmental phase efforts. The 

cases each had different amounts of background data, based on the background of the 

program. For example, the AAS Program, having started as a classified program, was 

restricted in the amount of data that could be provided via a detailed security review. 

However, each provided enough data for a comparative assessment. 

Friedman and Sage (2004) and Yin (2009) list six possible sources of data for 

developing cases. These are documentation, archival records, interviews, direct 

observation, participant observation, and physical artifact observation. Table 4-2 provides 

a description of the sources of information used to develop each case. As the author had 
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the most data and experience dealing with the SE OPT case, it was used more as a 

revelatory case, as explained in the Chapter 3, Methodology. 

Table 4-2. Case Data Sources. 

 

4.2.1  SE OPT and the Amphibious Combat Vehicle. 

Amphibious assault remains one of the signature missions of the U.S. Marine Corps.  

Accordingly, the Marine Corps had been in the process of conducting the research, 

development, and acquisition of a new amphibious vehicle, the Expeditionary Fighting 

Vehicle (EFV), to replace its current amphibious vehicle, the Assault Amphibious 

Vehicle. On 6 January 2011, the Secretary of Defense announced the termination of the 

EFV Program. This decision was based on concerns that the EFV, because of its projected 

procurement and life-cycle costs, was unaffordable (SE OPT 2012d). 

Upon cancellation of the EFV Program, senior Marine Corps leadership immediately 

began consideration of a new vehicle concept termed the Amphibious Combat Vehicle 

(ACV) (SE OPT 2012d). In an effort to ensure that the Marine Corps does not specify 

operational requirements that lead to another unaffordable vehicle, the Marine Corps 

Systems Command (MCSC), under the Deputy Commander for Systems Integration and 

Technology (DC SIAT), established a select group of engineers, logisticians, cost 

estimators, and acquisition professionals to form the SE OPT. The SEOPT was charged 

with working with the Marine Corps’ requirements community to produce various vehicle 
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performance options, development and procurement schedules, and accompanying cost 

estimates for vehicle system concepts (SCs). The desired end state of the process was to 

produce engineering and cost informed requirements for MS A.  

This case was developed mainly through the analysis of the library of analysis 

documents, tools, spreadsheets, and presentations that were made available to the authors 

(SE OPT 2012a; SE OPT 2012b; SE OPT 2012c; SE OPT 2012d; SE OPT 2012e). These 

documents included schedules and taskings, background vehicle analysis, external 

analysis results from organizations supporting the SE OPT, Microsoft Project schedules, 

lessons learned statements, and copies of the tools and their results discussed within this 

case. Additionally, numerous interviews, email exchanges, and in-depth involvement at 

SE OPT meetings provided further data and understanding. 

4.2.1.1  Processes. 

Over a nine-month period, the SE OPT established an iterative process coordinated 

with the Marine Corps’ requirement organization, Combat Development and Integration 

(CD&I). With CD&I, the SE OPT produced various vehicle concepts with accompanying 

technical performance characteristics, implementation schedules, and LCCEs.  The 

process also analyzed variations in capability options, programmatic variables, and 

material choices to identify the desired capability options for the ACV concepts. The SE 

OPT analyzed and completed four such spiral assessments of ten SCs.  

The SE OPT process, depicted in Figure 4-2, was an iterative process wherein SE OPT 

members worked collaboratively with CD&I to establish the initial capabilities and 

parameters to be considered. This included the mission essential functions (MEFs) of 

move, shoot, communicate, carry, and protect, as well as various logistics functions, 
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including supportability, transportability, training, and acquisition variables, such as 

acquisition schedules and objectives (number of vehicles required). The SE OPT then 

conducted extensive market research to identify the available material options that could 

translate these capabilities into an actual vehicle. Procurement and development costs 

were calculated using historical data to establish CERs from the component costs, as well 

as vehicle technical attributes such as range, maximum speed, reserve buoyancy, and other 

aspects agreed upon by both the SE OPT and CD&I. These costs and attributes, as well as 

estimated schedules, reliability, and related acquisition assumptions, were used to create 

an LCCE. Along the way, CD&I was involved so they could remain informed as to the 

most significant cost drivers and impacts from their choice of capabilities. 

Once the estimates were prepared, they were presented to CD&I. CD&I determined if 

the cost and capabilities of the SC were acceptable. If not, an updated set of SC 

capabilities was identified by CD&I and analyzed by the SE OPT. The SE OPT was cost 

agnostic and provided a technical analysis of each SC and all of its associated costs, based 

on the CD&I selected capabilities.  The SE OPT functioned as an “honest broker” of ACV 

costs with respect to the identified capabilities.   

In addition to the SC capabilities, other factors influenced the life-cycle cost of a 

vehicle. These included programmatic aspects, such as acquisition strategy, development 

strategy, selection process, number of years in production, total number of vehicles, and 

support strategy. The SE OPT analysis required the assessment of these and other factors 

well ahead of the typical acquisition timeline, providing a higher fidelity and more 

accurate cost and schedule estimate, thus reducing ACV implementation risk (SE OPT 

2012d). 
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Figure 4-2. SE OPT Iterative Process. 

The SE OPT generated procurement, development, and life-cycle cost estimates for 11 

different vehicle concepts during four distinct iterations of the SE OPT process, as 

depicted in Figure 4-3. At the conclusion of the analysis, the SE OPT provided the 

technical performance and cost estimation data of eleven SCs to CD&I for review. CD&I 

then chose four SCs to be entered into the ACV AoA. Throughout the process, CD&I 

representatives became increasingly informed on how different capability choices 

impacted cost estimates and, at times, schedules. In addition, a Red Team was formed to 

review the SE OPT tools and processes. While minor adjustments were made, the 

processes and tools remained essentially intact.  
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Figure 4-3. Iterative Creation of System Concepts 

4.2.1.2  Team Composition 

The SE OPT was composed of a relatively small core group of experienced engineers, 

logisticians, cost estimators, and acquisition professionals numbering around 12 people 

(SE OPT 2012d). This core group was augmented by various SMEs, as required, including 

professionals from the Naval Surface Warfare Center, Carderock, Naval Surface Warfare 

Center, Dahlgren, Space and Naval Warfare Systems Command (SPAWAR)-Atlantic and 

Pacific, the Tank and Automotive Command (TACOM), Defense Acquisition University 

(DAU), and numerous others.  They provided expertise and data in support of market 

research, tool development, and processes and also provided membership for Red Team 

reviews. 

The entire team met daily, and each member had situational awareness of the 

members’ assignments, needs of the other team members, and task status. A lesson 
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learned was that it was important to establish both a daily rhythm along with single-person 

responsibility and accountability for task accomplishment (SE OPT 2012d).  

4.2.1.3  Tools. 

The SE OPT developed various tools and methodologies to produce the cost 

estimation and vehicle attribute information to support the SE OPT process (SE OPT 

2012c). These tools and methodologies included the Capability Decomposition Tool, the 

Market Research Database, the Procurement Cost Tool, the Development Cost Tool, the 

reliability estimation process, the schedule analysis process, and the LCCE Tool. 

The purpose of the Capability Selection Tool was to provide DC CD&I and the SE 

OPT a consistent, repeatable framework to capture various potential ACV alternatives. 

Given the complex, often overlapping relationship of subsystem integration from a cost 

perspective, it was determined that each ACV alternative would be captured as a “whole 

system.”  During development of the tool, representatives from both CD&I (Fires and 

Maneuver Integration Division) and the SE OPT reviewed the tool for a common 

understanding, making changes and clarifications where required. 

Capabilities were organized within MEFs and other critical functions common to 

ground combat vehicles. These functions included move, shoot, communicate, protect, 

and carry, as well as mission performance, transportability, sustainment, and training. 

Within each of these functional areas, subordinate system attributes were grouped 

together. Each attribute was then given an incremental range of capabilities that could 

have a measurable cost impact. The range of capabilities for each attribute was 

predominantly derived from existing U.S. ground combat platforms, both tracked and 

wheeled (SE OPT 2012d).   
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The Market Research Database was a Microsoft Excel file containing the cost and 

attribute data for various components, organized using a modified EFV WBS. Each 

component had a low, most likely, and high range of values. Each Excel page was a level 

3 WBS subsystem collection of components. Within each page, there was a breakout of 

WBS level 4 components. Each level 4 component had one or more candidates of 

available components on the market. A separate Market Research Database file was 

created for each SC. 

The market research non-cost data included weight, horsepower, hydraulic power, 

electrical power, and Design Readiness Assessment (DRA) values (SE OPT 2012b). 

These values would be needed to calculate vehicle attributes in the Procurement Cost Tool 

that are important to estimate vehicle performance and judge whether CD&I capability 

selections were met and if technical factors, like power, were not being met. For instance, 

the electrical power consumption of various components may exceed the electrical power 

production of the engine. This would require changes in component selection in the 

Market Research Database and a change in the values passed on to the Procurement and 

Development Cost tools. Inspecting the market research files, the system entries contained 

cost, weight, and horsepower data, but other attributes, such as electrical power generation 

and consumption, were lacking. 

Once the system’s capabilities were selected, a mapping between the capabilities and 

the possible material composition of the vehicle was documented in the Procurement Cost 

Tool. The Procurement Tool was a Microsoft Excel file that provided the user with a 

“Ford.com” view of selecting a base vehicle that would meet water speed and direct fire 

protection capabilities and then allow the selection of optional equipment. Eighteen 
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subsystems and various components provided the ranges of cost, weight, and power 

estimates based on the market research of similar components.  

The tool was used iteratively to refine the SC composition until CD&I capability 

selections could be fulfilled, as much as possible. For instance, if a particular armor was 

chosen that brought the weight to a point that the engine was underpowered to satisfy the 

selected speed capability, then a new class of engine would need to be selected (SE OPT 

2012d). That in turn might change the fuel consumption, increasing the fuel tank size 

needed to reach specific ranges. Increased fuel tank size would increase the weight again. 

Such analysis continued until a stable selection of components was chosen. This example 

demonstrates the need to conduct cost estimation concurrent with technical performance 

prediction of the SC.   

The Development Cost Tool is a matrix of WBS components and activities versus 

parametric CERs and SME opinion values that provided estimated recurring and non-

recurring engineering costs. The CERs had a direct relationship to the first vehicle 

procurement cost of the components selected in the Procurement Tool. As capability 

requirements and potential material solutions are varied, the development cost estimates 

changed in response to the adjusted material solution hardware costs. The Development 

Cost Tool also accounted for values such as systems engineering and program 

management (SE/PM) costs, software development, integration, testing, certification, and 

reliability efforts. Other studies have shown that costs, such as SE/PM support, can be 

estimated from procurement costs (Stem et al. 2006). 

Some components had been already designed for use in amphibious vehicles; others 

had been used in other vehicles but not in a marine environment; and others would need 



 

71 
 

redesign. This would affect the development cost. Hence, the SE OPT developed a 

development cost weighting factor (DRA) (SE OPT 2012b). The DRA weighted several 

factors to determine any impact to the developmental cost of the component. The DRA 

factors included component maturity, complexity, applicability, interfaces, testing, cost, 

schedule, performance, and reliability. 

The SE OPT developed program schedules by analyzing necessary programmatic and 

development activities throughout the life cycle of each SC. The initial input was a 

program schedule provided by the Integrated Acquisition OPT. This schedule was further 

refined to meet the technical needs, test requirements, production quantity, and production 

duration for each SC. This schedule refinement resulted in the development of 27 cost 

scenarios for various development and production strategies of each SC (three acquisition 

objectives, three schedule variations, and three production timeframes). This data was then 

provided to the LCCE Tool as part of the input required to develop the average 

procurement unit cost (APUC) and LCCEs. 

The LCCE Tool provided cost estimates in five major areas using the data input into 

the model from the other tools and analysis, contractor and government personnel pay 

scales, analogous facilities, spares, contractor profit, and burden rates. These five areas are 

final procurement costs and APUCs, research and development costs, military 

construction (MILCON) cost, operations and supportability (O&S) costs, and disposal 

costs. The O&S costs included the following elements: unit manpower, unit operations, 

maintenance costs for all three standard levels of DoD vehicle maintenance, sustaining 

support, system improvements/technical refresh, and indirect sustainment. 

4.2.1.4  Cost Analysis Methodology. 
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The SE OPT conducted an initial cost analysis to determine how the current EFV 

could be reduced or modified in terms of design or capability to meet the Marine Corps’ 

goal of acquiring an ACV capability at a lower cost than the EFV. The SE OPT analysis 

included developing an initial baseline of cost concepts and terms. It then explored two 

major preconceptions coming from different EFV/ACV stakeholders.  

The first preconception was that the removal of high water speed requirements and its 

associated components would substantially reduce the ACV APUC to meet possible 

Marine Corps cost targets (SE OPT 2012d). These targets had not been formally defined, 

but CD&I had mentioned a $10−12 million APUC figure.  

The second preconception was that a Capability Production Document (CPD)-to-

design trace would allow the SE OPT to quickly identify cost drivers and be able to delete 

those capabilities and their associated costs. The result was that the components of the 

system were too interdependent to simple remove and lower the overall vehicle cost to the 

extent desired. The SE OPT then explored a bottoms-up approach for a rough cost of 

different ACV concepts. The bottoms-up analysis was conducted before the formal SCs 

had been defined by CD&I and analyzed by the SE OPT. The results of this analysis gave 

an initial cost range for possible SCs. 

4.2.1.5  Governance. 

While the SE OPT membership came predominantly from the Program Manager (PM) 

Advanced Amphibious Assault (AAA), the SE OPT Lead reported to the Deputy 

Commander, SIAT, MCSC. Hence, the SE OPT effort was free to develop an independent 

CE of the vehicle SCs. The estimates were accepted by the DoD CAPE (Cost Analysis 

and Performance Evaluation) Office that is required to perform its own assessment of new 



 

73 
 

program costs. The SE OPT was awarded the 2011 Dr. Etter Chief Scientist and Engineer 

Award for “the most comprehensive evaluation of cost and performance that has been 

accomplished on any Marine Corps weapon system development to date” (Marine Corps 

Systems Command 2012).  

4.2.2  Advanced Airborne Sensor.  

The AAS is a Navy ACAT 1D sensor program developed to replace the LSRS, a 

formerly classified program that provided very detailed radar tracking of ground and 

sea entities, to include vehicles and people.  As a black program, being hosted on a 

P-3C Orion aircraft may not have been a cost concern, but expanding the system 

would be cost prohibitive if it required its own aircraft platform. The AAS Program 

was created to move the LSRS Program from a black program to an unclassified 

DoD program that would be designed as a sensor package to existing aircraft. The 

information for this case came from interviews with Capt. Scott Anderson (Ret.), the 

former LSRS Program Manager, and John Gensure, the AAS Deputy Assistant Program 

Manager System Engineering (DAPMSE), overseeing the AAS SE development 

effort. The official responses to questions came as a written response reviewed and 

approved by the program’s security office (Gensure 2013).  

4.2.2.1  Background. 

The Advanced Sensor Technologies (AST) is the program office responsible for 

the development of the LSRS and the AAS under t h e  Program Executive Office 

Aircraft (PEO(A)). For requirements generation, such as the Capability Design 

Document (CDD) due at the end of the technology demonstration phase and the CPD due 

before the engineering and manufacturing demonstration (EMD) phase, and resource 
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sponsorship, the program office looked to the Deputy Chief of Naval Operations for the 

Integration of Capabilities and Resources (N8). Other agencies involved are the Naval 

Air Systems Command (NAVAIR), Commander Patrol and Reconnaissance Group for 

Operations and Logistics, the Commander Operational Test and Evaluation Force 

(COMOPTEVFOR) for operational testing, and the development team of Raytheon and 

Boeing. 

The LSRS is an active electronically scanned array (AESA) radar system 

hosted on a modified U.S. Navy P-3C Block Mod Upgrade Program (BMUP) 

aircraft. The LSRS aircraft provides Component Commanders with highly 

accurate battlespace situational awareness as an integrated intelligence, 

surveillance, reconnaissance, and targeting (ISR&T) asset. 

The AAS is an evolutionary spiral to the currently deployed LSRS and will be 

hosted on the P-8A, the Navy’s Multi-Mission Maritime Aircraft (MMA). Like 

LSRS, AAS provides an airborne, high- resolution, near- real-time radar surveillance 

system. Employment will also increase the Component Commanders’ warfighting 

effectiveness by ensuring a situational awareness advantage, achieving information 

dominance throughout all campaign phases and providing  on-demand, actionable 

sensor data to support  precision  targeting  against  threats at sea and on land. By 

maximizing the incorporation of commercial off-the-shelf (COTS) technologies, 

AAS aims to be highly supportable, maintainable, scalable, and upgradeable, with 

the goal of reduced unit production and life-cycle costs.   

4.2.2.2  Processes. 
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In developing the AAS requirements, the AAS Program utilized a feedback loop 

between three major elements. The first was the draft CDD development. Given the well-

known background of the LSRS Program, the AAS requirements and resource sponsor 

(N8) leveraged Integrated Capabilities Documents (ICDs), the LSRS Operational 

Requirements Document (ORD), and Fleet input to develop the AAS Key Performance 

Parameters (KPPs). The second key element in the feedback loop was the researching of 

current technology. With a focus on using COTS components and available technology, 

N8 solicited inputs from the AST Program Office and AAS Integrated Product Team 

(IPT) to understand the industry technology base and actual LSRS operational 

capabilities demonstrated in the Fleet. The third element was the cost estimation effort. 

Early in the AAS technology development phase, the AAS IPT generated a Cost 

Analysis Requirements Document (CARD). The CARD included programmatic 

information, such as the acquisition strategy and schedule for the program, as well as an 

AAS “Government Candidate Design.” The candidate design scoped a notional design 

for the AAS system that the AAS Cost Team utilized to develop an associated notional 

CE for the development and procurement of the AAS system. Draft changes to the AAS 

CDD became draft changes to the AAS CARD, Government Candidate Design, and 

associated CE, and then the updated CE was fed back to the requirements agency in a 

feedback loop to inform the CDD development process.  

The AAS Program Office also took an evolutionary approach to system 

development to  meet AAS performance requirements. The design incorporated 

upgradeable COTS components and an open architecture approach to support future 
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growth. The focus on design-to-cost resulted in achieving a goal of a low-cost, 

evolutionary system design. 

4.2.2.3  Team Composition. 

The AAS development was managed at the same program office as the LSRS, and the 

same prime developers as LSRS, Boeing and Raytheon. AAS therefore started with a solid 

knowledge foundation in its team. At the commencement of the AAS technology 

demonstration phase, an integrated Government/contractor team was established to 

generate the AAS CARD, Government Candidate Design, and CE. The t eam 

consisted of Government personnel and contractor SMEs in all required disciplines, 

including technical design, supportability, and cost.  The team was maintained 

throughout the CDD development process and program execution, and it met on a 

continual basis during program execution. Throughout system development, it 

provided feedback to the requirement agency (N8) regarding CPD development, 

design to cost, and should cost initiatives. 

4.2.2.4  Cost Analysis Methodology. 

The cost analysts in the Government team worked in conjunction with its engineers, 

system SMEs, and logisticians in development of its CEs. The exact techniques used by 

the team were not released by the program office. However, the team had as its basis the 

cost data from the LSRS Program. The historical O&S cost data included the depot-level 

maintenance, repair, sparing, and software maintenance. Additionally, the development 

of the CARD required addressing the programmatic aspects of the program in addition 

to the technical costs, including the costs of commercial technology that may be used. 

The AAS CARD and associated CE included the entire TOC for the AAS system. All 
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phases of the program (technology development, engineering and manufacturing 

development, procurement, O&S, and disposal) were included in the AAS CE that 

supported the CDD development process. 

4.2.2.5 Governance. 

The AAS Program has a governance structure of a typical DoD ACAT 1 program. The 

team conducting the cost and technical analysis is part of the program office or the prime 

developers. As such, AAS would require independent cost analysis by the CAPE. As a 

program, however, they have been recognized for improving life-cycle cost and 

acquisition management techniques (Defense AT&L Staff 2007). 

4.2.3  Army Force Basing. 

While developmental planning applies to all areas of Army acquisition, one area that is 

conducting the development of new developmental planning processes, techniques, and 

tools is Force Basing (FB). Within the Office of System of Systems Engineering (SoSE), 

Assistant Secretary of the Army (Acquisition, Logistics, and Technology) (ASA(ALT)), 

the Architecture and Analysis Team for Force Basing (AATFB) conducts Reference 

Architecture (RA) development for the three areas of Integrated Base Defense (IBD), 

Communications/Computing Infrastructure (CCI), and Base Infrastructure (BI). 

Information for this case was gathered via an interview with Ms. Karen Short, the Branch 

Chief for Force Basing, Formations Architecture, in SoSE, organization under 

ASA(ALT). The interview also included Vic Robertson, the Lead Integrator for Force 

Basing under Ms. Short, and Jeff Jones, a support contractor who has helped lead the 

development of the first RA for IBD. They also provided documentation that provided a 

review of their effort, methodology, and products and examples of their use.  



 

78 
 

4.2.3.1  Background. 

The AATFB is the execution arm for Army developmental planning on behalf of 

ASA(ALT) Office of the Chief Systems Engineer (OCSE). ASA(ALT)/OCSE has 

identified the seven developmental planning mission functions. These are system 

architecture development, trade space analysis, baseline program concept development, 

business case analysis, initial technology review and roadmapping, acquisition strategy 

and integrated master schedule (IMS) development, and program governance. 

4.2.3.2  Processes. 

The AATFB implements developmental planning and supports the seven planning 

functions by executing the RA development process, formerly known as the portfolio 

development process. The idea of a portfolio is critical, as the RA is meant to be applied to 

numerous related programs of record in the three mission areas of IBD, CCI, and BI. This 

process, which is aligned with the AATFB Charter, consists of RA design and RA 

management. The RA development process is a system of systems (SoS) engineering 

approach employing developmental planning principles and model-based SE (MBSE) 

techniques to reliably produce an RA that is well supported by analysis and ready for use 

by various customers.  

The RA design process has four major subprocesses: RA definition, system data 

collection, use case development, and RA analysis and design (RAD). Each one is 

necessary to produce an initial RA. The following are more detailed descriptions of these 

four processes. 

 RA Definition. Given the requirement for an RA, the RA definition process 

clearly defines the scope and the deliverables, assembles the RA Development 
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Team (RDT), identifies stakeholders, identifies authoritative references, 

establishes team schedule and battle rhythm, and produces several artifacts that 

the team agrees represent the RA.   

 System Data. Given the scope and Logical Systems Architecture (LSA), the 

RDT must catalogue all possible systems available to satisfy required capabilities 

within the system categories of the LSA.   

 Use Case Development. The use case development process includes 

requirements analysis, operational analysis, and use case preparation. Use cases 

are system agnostic vignettes selected in concert with requirements generators to 

expose required capabilities in an operational context. When completed, the 

requirements generators and the core RDT understand the restated required 

capabilities (RCs) and their prioritization.   

 RA Analysis and Design.  RAD is the final step in the RA design process. Here, 

the system data and use cases come together with rigorous analysis to determine 

the combination of systems that best satisfies the RCs.   

In the end, after analyzing requirements across programs of record and understanding 

the large variety of possible material solutions, the AATFB (specifically, the Force Basing 

Branch), produces an RA for a particular mission area (Figure 4-4). This RA is composed 

of information gained across the current programs. With this information, the RA can then 

be applied to specific programs, such as the Ft. Belvoir IBD upgrade (Short, Robertson, 

and Jones 2013). The product of this specific application is an implementation 

architecture, which is a subset of the RA. 
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Figure 4-4. Reference and Implementation Architecture Relationships (Jones, 2013) 

In the analysis of existing material options, the RDT makes material decisions, 

down-selecting from available systems and components for satisfying requirements that 

become part of the RA. Arguably, this may reduce flexibility for the RA user. However, 

it simplifies the process for a program to make initial architectural and design choices. 

They do not need to undertake that analysis themselves. More importantly, it allows all 

stakeholders to understand better the overall problem they are trying to solve with a 

material solution up front in the life cycle. An important point of RAs in conjunction 

with the governance structure is that they are designed to be executed in the near-term 

and help in the Program Objective Memorandum (POM) process. As seen in Figure 4-5, 

the RAs are used to calculate budgets across the Five-Year Defense Plan (FYDP) and 
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are updated yearly based on changes to technology and the programmatic situation of 

the programs, such as new or shifting requirement priorities.  

 
 

Figure 4-5. Evolution of RAs and the POM Process (Short 2013) 

 

In the end, the RA process is not a one-time event but a recurring process that treats 

program implementation within an SoS context in a controlled manner. 

4.2.3.3  Team Composition. 

According to the Force Basing leadership, the core team that develops the RA spans 

8−12 people (Short, Robertson, and Jones 2013). These people brought a variety of skills 

to the table, to include system and base subject matter expertise, defense acquisition, 

systems engineering, and logistics. Additional people, such as experts from individual 

program offices, base representatives, Army requirements representatives, and cost 

analysts assist the core group as necessary. Key people that aided RA efforts include the 

major representatives from Army Headquarters (G-3 (Operation), G-5 (Planning), and G-7 
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(Integration)), the Army requirements command (TRADOC), and the Vice Chief of Staff 

of the Army to implement needed requirements changes and approve funding changes to 

specific programs, as identified by a member of the governance structure, the Trail Boss.   

4.2.3.4  Cost Analysis Methodology. 

Cost analysis is part of the RA development process, picking specific systems or 

components from a number of options to satisfy known requirements (Jones 2013). The 

RA effort has cost analysts who obtain cost data on systems, working with the Army 

Center for Cost Analysis (ACCA). The cost analysts use available and approved tools, 

such as ASCEIT. The ACCA certifies the data used in the RA development. It is then 

placed in a central database for future use in assessing program costs and re-evaluating 

chosen RA systems and components. 

Additionally, the RA group works collaboratively with programs of record to 

understand the specific requirements and assess where costs can be saved, such as reuse of 

existing systems and components. For example, working with the Ft. Belvoir case study 

identified $44 million in RA capabilities not applicable to Ft. Belvoir. Additionally, 

identifying reusable capabilities and materials resulted in a $32.9 million savings. Overall, 

IBD effort went from a $160.3 million effort based on the RA to $83.4 million with the 

additional coordination and review (Short 2013). 

The RA Team focused on the approved requirements and capabilities needed for the 

program of record and then focused on cost. Cost data was collected from various efforts 

and then used to form Candidate Capability Packages. These are possible implementation 

choices for the RA where cost is used to make choices when decisions are needed between 

alternatives. 
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4.2.3.5  Governance. 

While technically the RA process can decrease time for individual programs to 

develop an architecture and general design, it may not be effective if left as a voluntary 

option for individual Program Managers (PMs). Peer PMs may find it hard to coordinate 

schedules or project funding. The need to satisfy specific requirements using a pre-defined 

timetable may also hinder changes. For these reasons, the RA development process has a 

strong governance structure that, like RA development, also looks across systems and 

programs. The technical is combined with the programmatic for an integrated solution. 

Key to the governance of the portfolio of programs of record in the mission area and 

the application of the RA is the Trail Boss. Each mission area has a Trail Boss, who is a 

PM and is empowered to enforce SoS acquisition strategies on the individual programs by 

the Army Acquisition Executive (AAE). Each Trail Boss co-chairs the Force Basing 

Council of Colonels (CoC) with the ASA(ALT) Deputy for Acquisition and Systems 

Management (DASM). The Trail Bosses, in coordination with the PMs of the component 

systems, have used the RA process to jump-start the acquisition and design effort by 

finding parts of the architecture that could be used. The decision to use a particular part of 

the RA for a program of record could be both technical and programmatic. For instance, 

not having enough funding may preclude implementation of a portion during a specific 

fiscal year. This leads to the Trail Boss implementing an acquisition strategy across 

programs, requiring the modification of individual program acquisition strategies, which 

state the cost, schedule, performance targets, and contracting methods for a program. 

Hence, the Trail Boss has control over the evolutionary development of systems by 
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picking which requirements may be implemented in a particular system from an SoS 

perspective. 

4.2.4  Case Comparisons. 

These three cases present many similarities, yet some differences, in key areas such as 

the development and management of system data and requirements, their cost analysis 

methodology, system concept production, and the process governance. The major points 

of the cases are provided in Table 4-3. 

4.2.4.1  Database and Architecture. 

Each case made a large effort to not only gather but also maintain data concerning 

components and material that may be required in developing SCs or “capability packages” 

for their programs. While the Air Force Early Phase SE Guidelines (2008) point to the 

need to develop architectural products, the SE OPT and FB cases went beyond 

architectures. They both collected supersets of data, especially in the realm of material 

systems and components. Not only was the inter-relation of components collected, but 

also key data such as cost and SWaP. This data was also normalized to a specific fiscal 

year value in the SE OPT case.  

With the SE OPT and FB cases, each looked at finding the best fit of components 

based on their requirements and component cost. While FB did this early in their process 

in creating an RA and then using that downselected list to select needed components, the 

SE OPT kept all alternatives and then selected components as needed for each system 

concept analysis. However, each had to use a process to select from a list of available 

components or systems to a final selection. 

4.2.4.2  Requirements Analysis. 
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All three cases used an iterative feedback system in generating cost and technology 

informed requirements. For the SE OPT and AAS cases, they both benefitted from prior 

Table 4-3. Cross-Case Analysis Summary 
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knowledge of related programs, which eased the analysis of the new systems. In the case 

of FB, looking at portfolios of systems in forming an RA, their effort encompassed more 

of a data collection effort. However, they exercised this process in different phases of 

development. The SE OPT conducted its effort in the pre-MS A phases about which we 

are most concerned. AAS’s description of its process focused on the technology 

demonstration phase leading to MS B. The FB effort presented a continuous process 

where the RA, the selected components, and the budgeting for implementation were 

updated at least yearly so the Trail Boss could decide on which existing requirements 

would be implemented.  

There were also disparities in the approaches each took in this area, as each case had a 

different background. The AAS case used a COTS-based, open architecture design so that 

the system could evolve over time within its smaller form factor that could be placed on a 

non-dedicated aircraft. Hence, it could respond to both changing technology and 

requirements. In the case of the ACV, this was a new vehicle, albeit derived from the 

cancelled EFV Program. The Marine Corps needed to ensure it accepted requirements that 

it could afford in the long run, vice see another major vehicle cancellation. Being a 

hardware-intensive design, it seemed less flexible to future changes, although the PSC-1 

and ASC SCs were conceived to provide additional hardware protection or future 

hardware upgrades. The FB case took existing requirements and looked at how to time-

phase their implementation based on both technical and programmatic considerations. 

Hence, each had requirements flexibility built into their process, taking factors such as 

cost, schedule, and affordability into account. For the SE OPT and FB, what requirements 

would be accepted was not simply an issue of user need but programmatic realities. 
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All cases also worked closely with their stakeholders to include their requirements 

organizations. As they exercised their iterative processes of defining possible 

requirements, SCs, or capability packages, they all reported a gain in understanding of the 

requirements and their interdependencies. As a result, the AAS Program stated that once 

their requirements and key performance parameters were established, they remained stable 

throughout the program. 

4.2.4.3  Team Composition. 

All three cases had a similar team structure. All three used multi-disciplinary groups, 

including cost analysts, who worked together in an iterative process to assess the cost and 

technical capabilities of components and proposed designs. The SE OPT and FB cases 

used core groups of 8−12 people, while augmenting them with outside personnel as 

needed to answer questions as they arose. The groups were composed of a mix of system 

engineers, system and operational area SMEs, cost analysts, acquisition experts, and 

logisticians. In all cases, the groups met regularly and stayed involved in their programs, 

especially in the AAS case. 

4.2.4.4  Cost Analysis Methodology. 

All three cases had several characteristics in common. First, each case collected 

information on individual components, including vehicle components, systems usable for 

base infrastructure, or current COTS technology. That information was collected, stored, 

and, in the case of AAS and FB, updated regularly. This component data was then used to 

create cost estimates centered around various system or design concepts or “capability 

packages.” In the case of the SE OPT, it was very specific in the use of a bottoms-up 

approach that used a standard WBS to fill in vehicle components and other cost activities.  
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All three cases also used programmatic data to help develop CEs. While the AAS 

started developing a CARD after MS A to address programmatics, such as the acquisition 

strategy, the SE OPT case worked within its IPT structure to develop CARD-like data to 

create the essence of CARD data and schedules before MS A.  

Finally, both the SE OPT and FB cases reported that while the building of the cost and 

performance model or RA may take significant time, its ability to produce analysis results 

can be fast. For instance, FB took approximately one year to establish its RAs for its three 

mission areas. However, the analysis for the Ft. Belvoir basing program took three days. 

The SE OPT also showed that once it had determined its processes and tools during its 

first six months, analyzing new system concepts could be completed in approximately one 

to two weeks, if not shorter. 

4.2.4.5  Governance. 

If there was one area in which there was little similarity between the cases, it was 

governance. It spanned from the AAS Program, in which the personnel and leadership 

were contained within the same program office, to the FB RA effort, which resided 

outside the programs of record but whose governance was provided by Trail Bosses 

assigned broad acquisition authority by ASA(ALT).  

4.3  Integrated Cost-Performance Model. 

Based on the cost growth data analysis and the case studies, we developed a model to 

incorporate the issues brought forward by that research (Table 4-4). This included 

focusing on creating better cost estimates that encompassed a greater understanding of the 

requirements and their interplay with each other. From the case studies, this greater 

understanding included the following major points: 
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1. In-depth data capture of possible components and attributes, to include cost, 

SWaP, and other attributes that may be common across groups of components.  

2. The ability to define the range of capabilities based on analysis of existing 

systems that could be chosen through a collaborative team from the program 

office and requirements personnel. 

3. An interactive feedback process that included the review of the interplay of 

programmatic data, the assembly of possible SCs, and cost data. 

Develop an understanding of system performance based on the selection of 

known or possible components. This includes either understanding the 

performance brought by individual components or constructing relationships or 

“surrogate models” by which aggregate system performance, such as the speed 

of a vehicle, can be estimated using aggregate measures, such as total vehicle 

weight or horsepower. 

To that end, a simple causal model (Figure 4-6) was developed that spans the pre-

MS A activities of assembling possible capabilities of the system and associating them 

with possible material components, calculating aggregate metrics which may have 

impact on overall system performance, calculating the performance metrics useful to 

satisfying capabilities, and assessing the calculated APUC and LCCE costs along with 

how the current selection met the capability selection. 

The system dynamics-like causal model is appropriate, as major component 

attributes can easily conflict with each other in complex ways that produce feedback 

loops. For instance, increasing system weight can negatively impact system speed. 

However, increased engine power may increase speed yet increase system weight.  
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Table 4-4. Research Results to Framework Mapping. 
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Figure 4-6. Combined Cost/Technical Performance Causal Model. 

Hence, as possible components are assessed to provide possible capability solutions, the 

impact needs to be assessed iteratively. 

This problem becomes more complex once individual components are introduced to 

provide the capability solutions and hence provide system cost and performance estimates. 

As individual components may vary and not show correlation between attributes like 

weight, cost, and power, it makes it much harder to create simple relationships to predict 

the cost and performance. 

Making decisions concerning conflicting attributes or system objectives is the 

province of MOO. However, examples of MOO in the literature provide non-complex 

rules for optimization. Hence, we have combined the feedback model with MOO to assess 

how well the component selection has worked to meet cost and performance targets. This 

model uses the Linear Physical Programming (LPP) method, a variant of Physical 
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Programming (PP), as part of the component selection process, as well as assessing the 

SCs produced to meet specific capabilities. 

4.3.1  MOO and Physical Programming. 

The cases we have reviewed show that we require a method that can handle a priori, a 

posteriori, and progressive articulation of preferences due to when the requirements are 

known. The method selected was LPP, a derivative of PP (Ilgin and Gupta 2012; Messac 

1996). In addition to the ability for PP to be used with different articulation preferences 

(Marler and Arora 2004; Tappeta et al. 2000), it has several other benefits. Unlike the 

commonly used weighting method, which requires subjective weights to be applied and 

then adjusted to suit the decision maker, PP and LPP avoid the use of weights through the 

specification of different desirability regions for each parameter (Marler and Arora 2004; 

Messac and Wilson 1998; Messac 1996). PP does not distinguish between independent 

and dependent variables, objective attributes, constraints, or goals. All these parameters 

are treated as design metrics that can be optimized against each other (J. Andersson 2000; 

Marler and Arora 2004). Also, the PP algorithm is sufficient to produce Pareto-optimal 

results (Marler and Arora 2004). Finally, the AOF used in PP, a log of the sum of the 

individual parameter objective functions, does not require adjustments using weights or 

other modifications (Chen et al. 2000). 

As seen in Figure 4-7 (Messac and Wilson 1998; Mullur, Mattson, and Messac 2003), 

PP classifies its design metrics or parameters into hard and soft classes. Hard classes are 

simply binary membership functions. The parameter value is either less than, greater than, 

or equal to a certain defined value or between two defined values. Optimization occurs 

only with the soft classes. Soft classes measure how well a parameter value falls within a 
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particular region within the class. The regions are defined by boundary values between the 

regions (𝑡𝑖𝑠, 1 ≤ 𝑠 ≤ 5 for classes S-1 and S-2, and 𝑡̃𝑖𝑠
+: 1 ≤ 𝑠 ≤ 5 and 𝑡̃𝑖𝑠

−: 1 ≤ 𝑠 ≤ 5 for 

classes S-3 and S-4). These regions are described in the following list, where 𝑔𝑖 is the 

value of parameter i: 

 Unacceptable range (region 6), where (𝑡̃𝑖5
+ ≤  𝑔𝑖) 

 Highly undesirable range (region 5), where 𝑡̃𝑖4
+ ≤  𝑔𝑖 ≤  𝑡̃𝑖5

+  

 Undesirable range (region 4), where 𝑡̃𝑖3
+ ≤  𝑔𝑖 ≤  𝑡̃𝑖4

+   

 Tolerable range (region 3), where 𝑡̃𝑖2
+ ≤  𝑔𝑖 ≤  𝑡̃𝑖3

+  

 Desirable range (region 2), where 𝑡̃𝑖1
+ ≤  𝑔𝑖 ≤  𝑡̃𝑖2

+  

 Highly desirable range (region 1), where 𝑔𝑖 ≤  𝑡̃𝑖1
+  

As you move across the regions, from highly desirable to highly undesirable, the value of 

the objective function, 𝑍̌𝑠, grows exponentially, based on the number of soft criteria 

parameters, 𝑛𝑠𝑐. The difference in objective value between region boundaries 𝑡̃𝑖𝑠
+, 𝑡̃𝑖(𝑠−1)

+  is 

𝑍̃𝑠 

𝑍̃𝑠 =  𝛽(𝑛𝑠𝑐)𝑍̃𝑠−1       (2 ≤ 𝑠 ≤ 5) (4.1) 

where 𝛽 is a concavity factor. As part of the design, 𝑍̌𝑠  at  𝑡̃𝑖𝑠
+ for any parameter i is the 

same. For each parameter, the farther away the parameter 𝑔𝑖 moves toward the 

undesirable form of inter-criteria preference. 

The calculations to find Z are as follows, which contain slight differences from the 

PP equations: 

𝑍𝑆 =  𝑍𝑖(𝑡𝑖𝑠
+) =  𝑍𝑖(𝑡𝑖𝑠

−)      ∀𝑖;   (2 ≤ 𝑠 ≤ 5);  𝑍1 = 0; 𝑍2 = 0.1 (4.2) 

𝑍̌𝑠 = 𝑍𝑠 −  𝑍𝑠−1;   (2 ≤ 𝑠 ≤ 5) (4.3) 
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𝑍̃𝑠 =  𝛽(𝑛𝑠𝑐)𝑍̃𝑠−1       (3 ≤ 𝑠 ≤ 5); 𝑛𝑠𝑐 > 1;  𝛽 > 1 (4.4) 

Part of the requirement of PP and LPP is that the graph stays convex. The following 

equations are used to check convexity for all parameters: 

𝑡̃𝑖𝑠
+= 𝑡𝑖𝑠

+ -𝑡𝑖(𝑠−1)
+ ;    𝑡̃𝑖𝑠

− = 𝑡𝑖𝑠
− −  𝑡𝑖(𝑠−1)

− ; (4.5) 

𝑤𝑖𝑠
+ =

𝑍̃𝑠

𝑡̃𝑖𝑠
+ ;  𝑤𝑖𝑠

+ =
𝑍̃𝑠̃

𝑡̃𝑖𝑠
+ ;   (2 ≤ 𝑠 ≤ 5),  (4.6) 

which is the slope of the s region. 

𝑤̃𝑚𝑖𝑛 = 𝑚𝑖𝑛{𝑤𝑖𝑠
+; 𝑤𝑖𝑠

−}  > 0; (2 ≤ 𝑠 ≤ 5)    i: parameter (4.7) 

where  

𝑤̃𝑖𝑠
+ =  𝑤𝑖𝑠

+ −  𝑤𝑖(𝑠−1)
+  (4.8) 

𝑤̃𝑖𝑠
− =  𝑤𝑖𝑠

+ −  𝑤𝑖(𝑠−1)
+  (4.9) 

𝑤𝑖𝑠
+ =  𝑤𝑖1

− = 0 (4.10) 

The preference function is then merely solving for a linear function at 𝑔𝑖, the parameter 

value. 

𝑍𝑖 =  𝑍𝑖𝑠 + (𝑔𝑖 − 𝑡𝑖𝑠
+)𝑤𝑖𝑠

+      (𝑡𝑖𝑠
+ < 𝑔𝑖 ≤ 𝑡𝑖(𝑠+1)

+ ) (4.11) 

Once 𝑍𝑖 has been calculated for all parameters i, 1 ≤ 𝑖 ≤  𝑛𝑠𝑐, the PP AOF, Z, can be 

taken: 

𝑍 =  
1

𝑛𝑠𝑐
𝑙𝑜𝑔(∑ 𝑍𝑖𝑛𝑠𝑐

𝑖=1 ) (4.12) 

4.3.2  Framework Process. 

The application of this model and framework are domain-dependent. The data needed 

for a ground vehicle may be different from an aircraft, although certain attributes should 

be common, such as component cost, weight, power production or consumption, 

technology readiness level (TRL), and spatial dimensions. This model can accommodate 
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domain and component specific attributes in addition to the common attributes mentioned 

above, such as engine fuel efficiency. However, the framework process applies to all 

domains.  

To implement this framework, the following steps are taken: 

1. Component/System Database Development. The components that may be 

needed to implement the user capabilities within a domain are collected in a 

database. Each component entry shall have associated attributes entered, such 

as SWaP, cost, and any attribute that serves to distinguish components of a 

similar type.  

2. Capability Development. User capabilities, as much as possible, would be 

defined as a spread of continuous values that define a continuum of possible 

capability targets, for instance, maximum land speed. The range of values of 

capabilities could be derived through market research of existing, related 

systems, as well as new user-desired capabilities. 

In the best case, capability ranges per metric would map to the five 

boundary values used to define the preference ranges used with LPP (Ideal, 

Highly desirable, Desirable, Tolerable, Undesirable, and Unacceptable). If the 

capability ranges are defined as threshold and objective values, as is often the 

case in requirements documents, then the threshold and objective values can be 

mapped to LPP boundary values t1 and t5, and values t2, t3, and t4 can be 

calculated easily. 

3. LPP Case Assignment. Once the capabilities are defined, they are reviewed to 

see if they provide a numerical spread of possible values. Using the PP/LPP 
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methodology, possible capability values are mapped to the boundary values of 

the relevant case, such as S-1 “smaller is better.” The total number of 

capabilities that can be assigned to a PP/LPP case is captured for future 

processing. 

4. WBS Development. Several sources point to the need for WBS construction 

for cost estimation and system definition (ICEAA 2013; Blanchard 2004). 

Within a domain, a WBS is constructed to define the needed types of 

components for a system. The WBS element should be related to the 

components in the component database. 

5. RC Rules Development and Execution. These rules map the capabilities within 

a specific domain to possible material solutions that align to a WBS element. 

The material selections may include multiple possibilities for a particular 

component type, such as an engine. The rules could also be used to assign 

components en mass to support a base vehicle approach, such as what was 

done for the SE OPT analysis. In that case, the selection of specific max water 

speed and armor protection capability values led to a specific base vehicle with 

predefined components. 

6. Material Selection. Using the set of possible components developed in step 5 

using the RC rules, WBS elements that have more than one choice of 

component are assessed using LPP. The component choices in each WBS 

element are provided an LPP score. Each attribute of a component type 

becomes an LPP design metric, with a specific LPP soft case assigned. Values 

are assigned to the boundary values of the LPP soft cases for each metric using 
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the mean and standard deviations of the attribute values across the selected 

possible components. For the soft cases, the middle boundary value (𝑡𝑖3
+  for the 

S-1 and S-2 cases) equals the mean of the metric. For case S-1, for example: 

using the mean 𝜇𝑖 and standard deviation 𝜎𝑖 for attribute i, 𝑡𝑖1
+ =  𝜇𝑖 −2𝜎𝑖, 

𝑡𝑖2
+ =  𝜇𝑖 − 𝜎𝑖, 𝑡𝑖3

+ =  𝜇𝑖  , 𝑡𝑖4
+ =  𝜇𝑖 + 𝜎𝑖, 𝑡𝑖5

+ =  𝜇𝑖 +2𝜎𝑖. 

The LPP scores for the individual components are then used to rank the 

components within each WBS element, and the top scoring components within 

each WBS element are selected. The component selection is recorded. If this 

step is revisited in an iteration, new components will be selected by going 

down the component list per WBS element using the LPP ordering. The new 

combination of components is compared to previous component selections. If 

the new component set perfectly matches a previous component selection, then 

this step is repeated until a unique set of components are selected.  

7. RM Rules Development and Execution. Once components are chosen and 

entered into the WBS element, these rules check for known interoperability 

issues, such as incompatibility between components or the need to have certain 

components given the aggregate attributes of the system, such as weight. If the 

rules are violated, the process goes back to step 6 to pick a new component in 

order to resolve the interoperability issue. 

8. RP Rules Development and System Performance Calculations. These rules are 

the performance relationships between the system attributes, component 

selections with their specific attribute values, and the performance metrics of 

the system. 
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9. RV Rules Development and Execution. These rules provide a check between 

the performance metrics of the system within the domain of the model and the 

original capabilities selections. If the system model does not provide 

performance values that align with the capability range or goals of the system, 

then the process needs to go back to step 6 to modify the component selection. 

10. Assessing Termination Conditions. Once the steps highlighted above result in a 

component selection and an assessment of the system performance (steps 8 and 

9), the performance metrics are then scored via the LPP methodology using the 

results from step 8 and the boundary values for those capability metrics 

developed in steps 2 and 3. A termination decision can then be made. If the RV 

rules are violated, a new iteration needs to be done by going back to step 6. 

Otherwise, a decision can be made to terminate the process or iterate again. 

There are several possibilities from literature on how to determine a stopping 

condition for this process. There is the approach of Genetic Algorithms (Holland 1975) 

where there is a preset number of generation set to iterate through. There is Simulated 

Annealing (Kirkpatrick 1983), where the latest LPP score can be compared to the best 

calculated before. Whether the latest score, and the component selection that led to that 

score, is accepted would be based on whether it is better the scores that came before, or 

on the “temperature” of the system and the Boltzman distribution check. The greater the 

number of iterations through the process, the less likely that a worse (larger) LPP score 

would be accepted. 

The method chosen to determine the termination condition is the Tabu Search. The 

Tabu Search (Glover 1989) is explained in Section 2.4.2.3. The Tabu Search provides 
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the means to store the results from prior iterations, and maintains the best result that has 

been found in this process. If a component selection is repeated, the Tabu Search 

algorithm would identify that and cause a different component selection to occur, as 

mentioned in step 6. When a better LPP score is detected, it would hold the new, best 

LPP score through the iterations, along with the component selection associated with 

that score. Also, like Genetic Algorithms, Tabu Search can be set to terminate after a 

pre-defined number of iterations. The process will also terminate if there are no more 

unique component combinations to try. In this process, that would happen when all 

options in the sorted component lists have been tried. 

Throughout the process, aggregate system attributes, such as total weight, cost, 

power consumption, along with estimated performance estimates, are calculated. Many 

of these steps, especially data collection, WBS development, and metric calculations, are 

similar to the life-cycle cost analysis (LCCA) process by Blanchard (2004). However, 

these rules bring the use of MOO down to the capabilities, pre-design level where 

material selection is an intermediate step between capability selection and performance 

calculations. The addition of rules also helps create SCs that are both technically viable 

and provide a basis for more detailed understanding of the requirements and the 

interdependencies of system components. These interdependencies can be assessed 

using feedback loops, as a complex system. With cost as one of many attributes, cost 

and technical performance measures can be simultaneously calculated. 

4.3.3 Government Model Use. 

This research uses a government model used by the SE OPT that the author helped 

develop. This model implements portions of the framework process in Section 4.3.2. 
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The components of the government model and the components that have been added are 

depicted in Figure 4-7. 

 

Figure 4-7. Hybrid Government and Research Model Using LPP. 

The government model is comprised of three components that are implemented as 

Microsoft Excel files. The first component is the Market Research database. This 

component implements steps 1 and 4 of the framework process. It contains data on 

possible components for each WBS element representing portions of the Amphibious 

Combat Vehicle (ACV). Each component has a WBS value, and entries for procurement 

cost, weight, horse power, and electrical power production or consumption. The second 

component is the capability selection file. This file lists all the possible capabilities 
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available to the requirements organization, the spread of values possible for each 

capability, and the values chosen per capability for a specific System Concept (SC). This 

satisfies step 2 of our framework. The third component of the model is the combined 

cost and technical performance estimation spreadsheet. This spreadsheet has data 

organized by WBS element, and stores component data selected for the SC in the 

relevant base body worksheet. It calculates the estimated cost and the technical 

performance of the SC,  

and provides the results in a summary worksheet. It fulfills step 8 and 9 of the 

framework as it implements the RM and RV rules. The spreadsheets were all reviewed, 

validated and verified by the SE OPT SMEs. 

Each SC of the ACV vehicle has a set of these 3 files, resulting in 24 original files 

for the 8 SCs used in this research. Each SC Market Research file highlights components 

that were chosen by Subject Matter Experts (SMEs) in the SE OPT to fulfill the 

capabilities selected by the requirements organization for that SC, and what components 

or values were chosen for the cost and technical performance calculations. This satisfies 

step 5 of our framework, step 6 for the original government component selection for the 

SC, and the step 7 RM rules for interoperability and incompatibility issues.  

This research adds 5 main modules or activities to the government model. Three 

modules conduct step 6 in the framework to conduct our experiment. They take sets of 

possible components from the Market Research database that have already been selected 

by SMEs for a specific system concept, and generate a sorted list of components that can 

be used within the government cost and technical performance estimation spreadsheet. 

These three modules sort the components, per WBS element, using LPP, weight and 



 

102 
 

cost. The LPP sorting module must first generate the LPP score for individual 

components, per 

WBS element. Once the LPP score is generated for each component within a WBS 

element, it can then be sorted. The weight and cost modules take the data from the 

Market Research database, and simply sort the components from the vector of data 

associated with each component. 

The fourth module is the LPP calculator that takes the output from the government 

cost/technical performance spreadsheet and provides an LPP score for the entire system 

concept. The module takes as input the boundary ranges of the capabilities that are 

eligible for LPP optimization. This requires a review of the capabilities and their options 

from the government Capability Decomposition spreadsheet. This review is presented in 

Appendix D.  The final result is a list of capabilities with LPP boundary values (t1, …, 

t5) that are then input into the LPP calculator. This satisfies step 3 of our framework.  

The 5
th

 module provides a review of the SC LPP scores using the Tabu Search 

methodology. If the LPP scores show that the SC technical or cost estimates are in an 

unacceptable range, then the components chosen are recorded so they can be avoided in 

the future, and the framework goes to step six for calculating a new set of components to 

evaluate. If the latest LPP score is better (i.e, smaller) than the current best score, then 

the new score and the selected component list is recorded. If the counter has not been 

exceeded within Tabu, and untried combinations are available, then another run is 

executed. Otherwise, the current best result with its selected components and its related 

cost and performance estimates are the answer. 

4.3.3.1 Variables. 
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All variables in this research are used iteratively for each of the eight SCs we are 

reusing from the SE OPT case, which came from our case study. From the Market 

Research database, we have the following sets and variables. 

C1 = {ei | e ϵ SC, e=<wbs, c, w, hp>}, where e is an engine, i is # of engine types (4.13) 

C2 = {aj | a ϵ SC, a=<wbs, c, w, hp>}, where a is an armor/hull, j is # of armor types (4.14) 

C3 = {kl | k ϵ SC, k=<wbs, c, w, hp>}, where k is a track, l is # of track types (4.15) 

C1, C2, and C3 are sets of possible engines, armor/hull, and track types, respectively. Each 

component variable (e, a, and k) is a vector that holds the following variables:  

wbs: The wbs ID number of the specific component. 

c: The cost of the specific component. 

w: The weight of the specific component. 

hp: The horse power provided by the specific component. 

The three research modules accepting C1, C2, and C3 from the Market Research database will 

each output a single instantiation of e, a, and k. The following is a list of the variables that are 

output. 

LPP: eLPP, aLPP, and kLPP  that goes into a separate gov’t cost/technical spreadsheet. 

Weight: ewgt, awgt, and kwgt  that goes into a separate gov’t cost/technical spreadsheet. 

Cost: ecost, acost, and kcost  that goes into a separate gov’t cost/technical spreadsheet. 

With these three separate government spreasheets, the existing engine, armor, and track data 

is replaced within the correct worksheet using the wbs number in each vector. 

When the government cost/technical spreadsheet computes the SC cost and performance, it 

outputs the set P, containing the following nine performance and cost variables we use in LPP 

processing as criteria or metrics:  

SCWS:  Max water speed. 

SCRB:  Reserve buoyancy 



 

104 
 

SCLS:  Max land speed 

SCVCI:  Vehicle Cone Index 

SCLR:  Land range 

SCMR:  Max firepower range 

SCcrew:  Crew number needed 

SCGP:  Ground pressure 

SCcost:  Life Cycle Cost 

P = { SCWS, SCRB, SCLS, SCVCI, SCLR, SCMR, SCcrew, SCGP, SCcost } 

We will collect the nine values here from each of the four government modules, forming 

four sets; LPP, Weight, Cost, and SEOPT. Before we compute the LPP score for an SC for each 

of these sets, we need the boundary values for each of the capabilities we are using as criteria 

into LPP. From the capability selection spreadsheet, we develop a set R which contains vectors, 

ri, that hold the capability or criteria name, LPP class, and t1 through t5 needed for LPP S-1 and 

S-2 class criteria.  

R = {ri | 1 ≤ i ≤ 9, r = <name, LPP class, t1, t2, t3, t4, t5,>} (4.14) 

This is used for to process the data within LPP, Weight, Cost, and SEOPT. 

4.3.3.2 LPP Use. 

The LPP mechanism is used two ways within this framework. First, it is used to 

select specific material components from the Market Research database. The output of 

the LPP, components with associated LPP values, provides the means to form a sorted 

list so specific material components can be entered into the government cost/technical 

performance spreadsheet. The way LPP is used is to judge the overall optimality of the 

system concept with the chosen components, using output from the government 

cost/technical performance spreadsheets.  
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The LPP mechanism does not need much in terms of the variables being 

independent, dependent, design variables or constraints (Messac 1996). We need to have 

at least two criteria for the LPP algorithm, and the number of criteria, the criterias used, 

and the boundary values used for the criteria need to all be the same when calculating 

LPP scores for the four different versions of the SC. The criteria values can be either 

discrete or continuous. 

As for the boundary values R, this method expects that the capabilities being used as 

criteria have at least two values to mark the end points, t1 and t5. The middle points can 

then be calculated as needed. The PP and LPP method does not assume that the 

distribution of the boundary values is linear or equidistant from each other.  

4.3.3.3 Termination.  

As explained before, the termination of the framework will be based on the Tabu 

Search metaheuristic method. As this framework is mainly a manual process, the Tabu 

counter was set initially to one to see if the hypothesis testing would be successful by 

choosing LPP optimal components. This setting ended up being successful through a 

single run of the framework compared to the SME-generated results. 

4.3.4 Framework Summary. 

While the focus has been on pre-MS A activities, this model and framework can also 

evolve as the program matures through its acquisition phases. As components are 

selected by the prime during design, RC and RM rules can be modified to selected pre-

chosen components within a design. Also, RP rules can be refined as the design produces 

more realistic performance estimate models. Also, new components, possibly science 

and technology (S&T) systems, can be added to the database as components for 
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evaluation. Finally, the WBS of the model allows for easier identification of cost 

variances in the program as it matures. 
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Chapter 5: Model Evaluation Using the ACV Case 

 
 

To evaluate the combined cost/technical performance framework using LPP, we chose 

the SE OPT case. This real-world case provides a wealth of data that can be used to test 

major elements of the model. This includes a long list of capabilities with a range of 

attributes that show the spread of user preference, a database of components with data 

concerning cost, weight, and power, a standard WBS for assigning components to the 18 

vehicle subsystems, rules embedded within the SE OPT tools that show how components 

were selected (RC, RP, and RV rules), and performance relationship studies that show, for 

instance, the horsepower, weight, and water speed relationships that can be expected with 

an ACV using the assumed EFV hull shape. 

Additionally, an analysis of the SE OPT data showed that a bottoms-up approach 

taken by the model is more appropriate. First, there was a lack of data on the 1970s 

vintage Assault Amphibious Vehicle (AAV), based on the data available in the market 

research files. This makes analogous cost estimation very difficult. Secondly, a correlation 

analysis using Minitab was conducted of the eight EFV-like SCs. The SC cost-to-weight 

Pierson correlation was .515, but with a p-value of .192. Using α = .05, this p-value 

indicates that there is not enough statistical proof that the correlation is not zero. Hence, 

we cannot prove a correlation between the weight and cost that could be used for a 

parametric CE. Conducting the same correlation analysis on the groups of engines and 

hull/armor choices gave conflicting results: 

 Engine cost to weight correlation was -.491, p-value = .045 
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 Hull cost to weight correlation was +.628, p-value = .001 

 Engine cost to HP correlation was .628, p-value = .028 

Therefore, different major components will have different effects on the weight factor 

that affects many vehicle attributes, such as vehicle ground pressure and reserve 

buoyancy. 

As a first step, we reviewed the ACV capabilities (Appendix D). Of the 152 

capabilities, most would not apply to the LPP MOO techniques. For instance, 69 

capabilities listed values that are directly related to design choices developed in later 

program phases. These include capabilities such as availability, maintainability, ability 

to scale obstacles of a certain height, etc. Twenty other capabilities had LCCE cost 

impacts and a place affecting specific WBS lines, such as training, but would not be an 

impact on component selection or vehicle performance. Finally, there were 74 

capabilities that could be used to determine component selection. These included 

capabilities such as having a target laser rangefinder capability. Of the 152 capabilities, 

11 capabilities had a numerical range of capabilities choices, with eight not dependent 

on future design or non-vehicle factors, such as maintainability.  

We assigned most factors as soft class-2 (S-2), which means bigger is better. Some 

may question why not use the S-4 class—range is better—to promote threshold and 

objective capability targets. Our rationale was that the OVO rule in PP/LPP would allow 

other capability parameters to come into play and hence not let one parameter become 

optimal while having other parameters reach undesirable values.  
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We added the parameter of cost because the SCs were partially judged by their 

ultimate cost. Through various SE OPT discussions, the target of $10−12 million APUC 

per vehicle was mentioned as tolerable, while the APUC of $16.5 million for the EFV 

was not tolerable, based on the original decision to terminate the EFV Program. The 

capability range values have been normalized, with the highest value within a capability 

having a 1. 

Each SC has specific targets for each capability (Table 5-1). The target is used to 

define the t1 through t5 boundary values of the five regions of the S-1 and S-2 LPP 

parameters. The SC’s target in each parameter becomes the t3 value of the LPP range for 

that parameter, defining the boundary between the tolerable and undesirable regions.  

Table 5-1. Capability Targets for LPP Parameters for ACV SCs 

 

We next define the RC rules for selecting components to assign to the proper WBS 

line. Looking at the market research files for the SCs, a large majority of WBS 

components do not have any options for material selection. The components with multiple 

options are hull/armor, engine, and tracks. For example, the RC rules for the engine 

component are: 

1. For max water speed of 6 knots (kt), engine horsepower >= 600. 

2. For max water speed of 8 kt, engine horsepower >= 1150. 

Criteria Fast Lethal Tough Lethal 2 Tough 2 PSC1 PSC2 ASC

SCWS:  Max water speed. 10 8 8 8 8 8 8 8

SCRB:  Reserve buoyancy 0.30 0.30 0.30 0.30 0.30 0.30 0.30 0.30

SCLS:  Max land speed 45 45 45 45 45 45 45 45

SCVCI:  Vehicle Cone Index 300 300 300 300 300 300 300 300

SCLR:  Land range 4 4 4 4 4 4 4 4

SCMR:  Max firepower range 2000 2500 2000 2500 2000 2500 2500 1800

SCcrew:  Crew number needed 17 17 17 17 17 17 17 17

SCGP:  Ground pressure 15 15 15 15 15 15 15 15
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3. For max water speed of 10 kt, engine horsepower >= 1500. 

These were developed from the water speed, engine horsepower, and vehicle weight 

charts developed for the SE OPT study by Naval Sea Systems Warfare Center (NSWC) 

Carderock (SE OPT 2012a). 

Once a subset of components is selected for a WBS element, then a specific 

component is selected using three different methods. The primary method used LPP to 

define the optimal component choice, creating the t1 through t5 values using the mean and 

standard deviations of component attribute values across the component population 

(Figure 5-1).  

 

Figure 5-1. Example of LPP Calculations for Automated Component Selection using MS Excel. 

In this case, each component had two or three parameters that could be consistently 

used: cost, weight, and horsepower. The other methods selected the component using the 

least cost or weight. This provided a comparison against the LPP method of component 

selection. Tables 5-2, 5-3, 5-4, 5-5, and 5-6 provide the results of processing the engine 
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and armor/hull components for LPP values, and ranking them by LPP, weight, and cost 

values. 

Table 5-2. Engine Components, >8 Kts, LPP Assessment and Ranking. 

 

Table 5-3. Engine Components, >10 Kts, LPP Assessment and Ranking 

 

Table 5-4. Armor/Hull: 7.62 mm Protection, LPP Assessment and Ranking 

 

Engines, >8 Kts WBS Weight Cost Hp

LPP 

Value LPP Rank

Weight 

Rank

Cost 

Rank

L-3 AVDS-1790-9A 2.01.04.01 5088.6 $416,744 1197.96 2.780739 6 5 4

L-3 AVDS-1790 2.01.04.01 4994 $509,353 1498.12 1.805692 4 4 5

MTU 883 CRI 2.01.04.01 3960 $926,097 1499 6.855734 8 2 9

MTU 10V2000M93 2.01.04.01 4928 $238,933 1500.8 1.422616 2 3 1

Cummins QSK45 2.01.04.01 12980 $297,277 1598.62 2.311382 5 9 2

Cummins KTTA50 2.01.04.01 10890 $309,779 1799.62 1.456004 3 8 3

MTU 16V2000M84 2.01.04.01 7436 $600,111 2184.2 1.388878 1 7 6

MTU MT 883 Ka-524 (sea mode) 2.01.04.01 5995 $851,611 2701 NA 9 6 8

MTU 10V 890 2.01.04.01 1826 $717,725 1233 3.722003 7 1 7

Engines, >10 Kts WBS Cost Weight Hp

LPP 

Value LPP Rank

Weight 

Rank

Cost 

Rank

L-3 AVDS-1790 2.01.04.01 4994 $509,353 1498.12 2.333186 3 3 4

MTU 883 CRI 2.01.04.01 3960 $926,097 1499 6.592135 6 1 7

MTU 10V2000M93 2.01.04.01 4928 $238,933 1500.8 1.943809 2 2 1

Cummins QSK45 2.01.04.01 12980 $297,277 1598.62 7.847435 7 7 2

Cummins KTTA50 2.01.04.01 10890 $309,779 1799.62 2.688051 4 6 3

MTU 16V2000M84 2.01.04.01 7436 $600,111 2184.2 1.635645 1 5 5

MTU MT 883 Ka-524 (sea mode) 2.01.04.01 5995 $851,611 2701 3.46832 5 4 6

Armor/Hull: 7.62 mm Protection WBS Weight Cost Hp

LPP 

Value LPP Rank

Weight 

Rank

Cost 

Rank
7.62 AAV monolithic 2.01.01.01 14460 $754,692 N/A 0.157755 1 2 1

7.62 2519 monolithic 2.01.01.01 18310.99 $863,815 N/A 0.712692 5 5 2

7.62 5059 monolithic 2.01.01.01 20163 $1,020,127 N/A 1.711126 6 6 6

7.62 RHA monolithic 2.01.01.01 20163 $1,020,127 N/A 1.711126 7 7 7

7.62 2519 EFV space frame 2.01.01.01 16125 $880,963 N/A 0.482928 3 4 3

7.62 2139 spaceframe 2.01.01.01 13312 $919,280 N/A 0.406754 2 1 5

7.62 2139 monolithic 2.01.01.01 15335 $918,677 N/A 0.523095 4 3 4



 

112 
 

Table 5-5. Armor/Hull: 12.5 mm Protection Assessment and Ranking. 

 

Table 5-6. Armor/Hull: 14.5 mm Protection Assessment and Ranking. 

 

Once the components are selected, the component values for cost, weight, and horse 

power (if applicable) are entered into the government cost/technical performance 

estimation spreadsheet. The total weight, cost, and performance values can now be 

generated. The RM rules are used to ensure that the components selected can interact. In 

this case, there was one rule for selecting an enhanced suspension when vehicle weight 

was greater than 85,000 pounds (lbs). Microsoft Excel was then used to automatically 

compare the performance results within the capability ranges. The results of the SCs 

stayed within the ranges, not requiring another pass. 

Armor/Hull: 12.5 mm Protection. WBS Weight Cost Hp

LPP 

Value LPP Rank

Weight 

Rank

Cost 

Rank
12.7 2519 SiN Space Frame 2.01.01.01 20368 $1,468,149 N/A 0.624377 3 2 6

12.7 2519 SiC Space Frame 2.01.01.01 20368 $1,444,689 N/A 0.503849 2 3 5

12.7 2519 AlO Space Frame 2.01.01.01 20932 $1,422,328 N/A 0.494622 1 4 3

12.7 5059 SiN Space Frame 2.01.01.01 21168 $1,567,483 N/A 1.451755 8 5 9

12.7 RHA SiN Space Frame 2.01.01.01 21202 $1,489,074 N/A 0.806661 6 6 7

12.7 2519 Monolithic 2.01.01.01 26021 $1,299,106 N/A 1.507364 9 9 1

12.7 2519 with 7.62 Monolithic 2.01.01.01 22513 $1,425,176 N/A 0.733493 7 7 4

12.7 2139 spaceframe 2.01.01.01 17555 $1,506,464 N/A 0.648946 4 1 8

12.7 2139 monolithic 2.01.01.01 22869 $1,387,249 N/A 0.69648 5 8 2

Armor/Hull: 14.5 mm Protection WBS Weight Cost Hp

LPP 

Value LPP Rank

Weight 

Rank

Cost 

Rank

14.5 AAV with EAAK 2.01.01.01 18860 $875,856 N/A 0.052162 1 1 1

14.5 2519 SiN Space Frame 2.01.01.01 22387 $1,595,822 N/A 0.743069 7 3 7

14.5 2519 SiC Space Frame 2.01.01.01 22387 $1,560,632 N/A 0.683031 3 4 6

14.5 2519 AlO Space Frame 2.01.01.01 23232 $1,527,062 N/A 0.6872 4 8 5

14.5 2519 Monolithic 2.01.01.01 29213 $1,347,688 N/A N/A 10 7 2

14.5 2519 with 7.62 Monolithic 2.01.01.01 23914 $1,499,480 N/A 0.733513 5 9 4

14.5 5059 SiN Space Frame 2.01.01.01 23187 $1,695,158 N/A 0.967829 9 5 10

14.5 RHA SiN Space Frame 2.01.01.01 23221 $1,616,749 N/A 0.83871 6 6 8

14.5 2139 spaceframe 2.01.01.01 19574 $1,634,139 N/A 0.639284 2 2 9

14.5 2139 monolithic 2.01.01.01 25819 $1,449,132 N/A 0.934898 8 10 3
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The previously detailed steps were used three times, using LPP, minimum cost, and 

minimum weight to select components. The SE OPT figures were the control. The output 

of the 32 cost/technical performance spreadsheets are provided below in eight tables 

(Tables 5-7 to 5-14), one for each system concept.  The tables also contain the LPP 

boundary values for each criteria in each system concept. These values are needed in LPP 

calculations to determine the LPP score. 

Table 5-7. Government Model Output of LPP Criteria for the FAST SC. 

 

Table 5-8. Government Model Output of LPP Criteria for the LETHAL SC. 

 

Table 5-9. Government Model Output of LPP Criteria for the TOUGH SC. 

 

SC Criteria Name LPP Class t1 t2 t3 t4 t5
Govt Model 

Output LPP

Govt Model 

Output Weight

Govt Output 

Model Cost

Govt Output 

Model  SEOPT

Fast SCWS:  Max water speed. S-2 6 7 10 11 12 10 8.8 8.8 10

SCRB:  Reserve buoyancy S-2 0.1 0.2 0.30 0.35 0.4 0.23 0.30 0.20 0.23

SCLS:  Max land speed S-2 40 42.5 45 50 60 60 60 60 60

SCVCI:  Vehicle Cone Index S-2 200 250 300 350 400 309 309 309 309

SCLR:  Land range S-2 2 3 4 6 8 4 4 4 4

SCMR:  Max firepower range S-2 0 1500 2000 2250 2500 2000 2000 2000 2000

SCcrew:  Crew number needed S-2 10 13 17 17.5 18 17 17 17 17

SCGP:  Ground pressure S-1 8 11 15 20 25 9.38 8.58 9.68 9.4

SCcost:  Life Cycle Cost S-1 8 10 12 14 16.5 11.13 11.68 10.49 11.40

SC Criteria Name LPP Class t1 t2 t3 t4 t5
Govt Model 

Output LPP

Govt Model 

Output Weight

Govt Output 

Model Cost

Govt Output 

Model  SEOPT

Lethal SCWS:  Max water speed. S-2 6 7 8 10 12 8.6 7.7 8.6 8.1

SCRB:  Reserve buoyancy S-2 0.1 0.2 0.30 0.35 0.4 0.26 0.28 0.16 0.21

SCLS:  Max land speed S-2 40 42.5 45 50 60 60 60 60 60

SCVCI:  Vehicle Cone Index S-2 200 250 300 350 400 300 300 300 300.2

SCLR:  Land range S-2 2 3 4 6 8 4 4 4 4

SCMR:  Max firepower range S-2 0 1500 2500 3000 3500 2500 2500 2500 2500

SCcrew:  Crew number needed S-2 10 13 17 17.5 18 17 17 17 17

SCGP:  Ground pressure S-1 8 11 15 20 25 10.48 10.12 11.6 11.02

SCcost:  Life Cycle Cost S-1 8 10 12 14 16.5 12.55 13.18 12.17 12.70

SC Criteria Name LPP Class t1 t2 t3 t4 t5
Govt Model 

Output LPP

Govt Model 

Output Weight

Govt Output 

Model Cost

Govt Output 

Model  SEOPT

Tough SCWS:  Max water speed. S-2 6 7 8 10 12 8.6 7.7 8.6 8

SCRB:  Reserve buoyancy S-2 0.1 0.2 0.30 0.35 0.4 0.22 0.28 0.17 0.21

SCLS:  Max land speed S-2 40 42.5 45 50 60 60 60 60 60

SCVCI:  Vehicle Cone Index S-2 200 250 300 350 400 300.2 300 300 300.2

SCLR:  Land range S-2 2 3 4 6 8 4 4 4 4

SCMR:  Max firepower range S-2 0 1500 2000 2250 2500 2000 2000 2000 2000

SCcrew:  Crew number needed S-2 10 13 17 17.5 18 17 17 17 17

SCGP:  Ground pressure S-1 8 11 15 20 25 10.92 10.16 11.51 11.03

SCcost:  Life Cycle Cost S-1 8 10 12 14 16.5 12.33 12.30 11.30 11.80
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Table 5-10. Government Model Output of LPP Criteria for the LETHAL2 SC. 

 

Table 5-1. Government Model Output of LPP Criteria for the TOUGH2 SC. 

 

Table 5-2. Government Model Output of LPP Criteria for the PSC1 SC. 

 

Table 5-3. Government Model Output of LPP Criteria for the PSC1 SC. 

 

SC Criteria Name LPP Class t1 t2 t3 t4 t5
Govt Model 

Output LPP

Govt Model 

Output Weight

Govt Output 

Model Cost

Govt Output 

Model  SEOPT

Lethal2 SCWS:  Max water speed. S-2 6 7 8 10 12 8.1 7.7 8.6 8

SCRB:  Reserve buoyancy S-2 0.1 0.2 0.30 0.35 0.4 0.23 0.17 0.14 0.19

SCLS:  Max land speed S-2 40 42.5 45 50 60 60 60 60 60

SCVCI:  Vehicle Cone Index S-2 200 250 300 350 400 300 300 300 300

SCLR:  Land range S-2 2 3 4 6 8 4 4 4 4

SCMR:  Max firepower range S-2 0 1500 2500 3000 3500 2500 2500 2500 2500

SCcrew:  Crew number needed S-2 10 13 17 17.5 18 17 17 17 17

SCGP:  Ground pressure S-1 8 11 15 20 25 10.79 11.55 11.92 11.33

SCcost:  Life Cycle Cost S-1 8 10 12 14 16.5 12.91 13.16 12.53 13.06

SC Criteria Name LPP Class t1 t2 t3 t4 t5
Govt Model 

Output LPP

Govt Model 

Output Weight

Govt Output 

Model Cost

Govt Output 

Model  SEOPT

Tough2 SCWS:  Max water speed. S-2 6 7 8 10 12 8.6 7.7 8.6 8.1

SCRB:  Reserve buoyancy S-2 0.1 0.2 0.30 0.35 0.4 0.22 0.25 0.13 0.18

SCLS:  Max land speed S-2 40 42.5 45 50 60 60 60 60 60

SCVCI:  Vehicle Cone Index S-2 200 250 300 350 400 300 300 300 300

SCLR:  Land range S-2 2 3 4 6 8 4 4 4 4

SCMR:  Max firepower range S-2 0 1500 2000 2250 2500 2000 2000 2000 2000

SCcrew:  Crew number needed S-2 10 13 17 17.5 18 17 17 17 17

SCGP:  Ground pressure S-1 8 11 15 20 25 10.91 10.55 12.7 11.45

SCcost:  Life Cycle Cost S-1 8 10 12 14 16.5 13.93 14.63 13.52 14.10

SC Criteria Name LPP Class t1 t2 t3 t4 t5
Govt Model 

Output LPP

Govt Model 

Output Weight

Govt Output 

Model Cost

Govt Output 

Model  SEOPT

PSC1 SCWS:  Max water speed. S-2 6 7 8 10 12 8.5 7.5 8.5 8

SCRB:  Reserve buoyancy S-2 0.1 0.2 0.30 0.35 0.4 0.21 0.24 0.12 0.18

SCLS:  Max land speed S-2 40 42.5 45 50 60 60 60 60 60

SCVCI:  Vehicle Cone Index S-2 200 250 300 350 400 300 300 300 300

SCLR:  Land range S-2 2 3 4 6 8 4 4 4 4

SCMR:  Max firepower range S-2 0 1500 2000 2250 2500 2000 2000 2000 2000

SCcrew:  Crew number needed S-2 10 13 17 17.5 18 17 17 17 17

SCGP:  Ground pressure S-1 8 11 15 20 25 11 10.64 12.13 11.85

SCcost:  Life Cycle Cost S-1 8 10 12 14 16.5 12.64 13.30 13.19 13.10

SC Criteria Name LPP Class t1 t2 t3 t4 t5
Govt Model 

Output LPP

Govt Model 

Output Weight

Govt Output 

Model Cost

Govt Output 

Model  SEOPT

PSC2 SCWS:  Max water speed. S-2 6 7 8 10 12 8.6 7.6 8.6 7.6

SCRB:  Reserve buoyancy S-2 0.1 0.2 0.30 0.35 0.4 0.22 0.28 0.17 0.21

SCLS:  Max land speed S-2 40 42.5 45 50 60 60 60 60 60

SCVCI:  Vehicle Cone Index S-2 200 250 300 350 400 300 300 300 300

SCLR:  Land range S-2 2 3 4 6 8 4 4 4 4

SCMR:  Max firepower range S-2 0 1500 2000 2250 2500 2000 2000 2000 2000

SCcrew:  Crew number needed S-2 10 13 17 17.5 18 17 17 17 17

SCGP:  Ground pressure S-1 8 11 15 20 25 10.95 10.19 11.54 11.06

SCcost:  Life Cycle Cost S-1 8 10 12 14 16.5 12.42 13.15 12.26 12.70
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Table 5-4. Government Model Output of LPP Criteria for the ASC SC. 

 

Using the nine criteria values for each SC for each of the four component selection 

methods, overall LPP scores were calculated (Table 5-15) using easily constructed Excel 

spreadsheets. We ensured that the nsc = 9, β = 2, and that concavity stayed positive for all 

LPP calculations. 

The data from the four methods was checked for normality, and each one was found to 

be normal, using α = .05. The normal probability plots (Figure 5-2) and the Anderson-

Darling tests were conducted using Minitab. 

To check that our model provides a more optimal solution using the defined capability 

ranges for the nine parameters from the SE OPT study, we conducted hypothesis testing. 

As LPP seeks a minimum value, we expect the mean of the LPP scores using the LPP 

component selection method to be less than the mean of the SE OPT data and the selection 

methods using strictly cost or weight values. Because our sample size is less than 30, we 

used a paired t-test. 

 

 

SC Criteria Name LPP Class t1 t2 t3 t4 t5
Govt Model 

Output LPP

Govt Model 

Output Weight

Govt Output 

Model Cost

Govt Output 

Model  SEOPT

ASC SCWS:  Max water speed. S-2 6 7 8 10 12 8.6 7.8 8.6 8

SCRB:  Reserve buoyancy S-2 0.1 0.2 0.3 0.35 0.4 0.24 0.27 0.14 0.21

SCLS:  Max land speed S-2 40 42.5 45 50 60 60 60 60 60

SCVCI:  Vehicle Cone Index S-2 200 250 300 350 400 300 300 300 300

SCLR:  Land range S-2 2 3 4 6 8 4 4 4 4

SCMR:  Max firepower range S-2 0 1500 2000 2250 2500 2000 2000 2000 2000

SCcrew:  Crew number needed S-2 10 13 17 17.5 18 17 17 17 17

SCGP:  Ground pressure S-1 8 11 15 20 25 10.72 10.36 11.84 11.07

SCcost:  Life Cycle Cost S-1 8 10 12 14 16.5 10.88 11.50 10.51 10.90
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Table 5-15. LPP Scores for All SCs for All Component Selection Methods 

 
 
 

 

Figure 5-2. Normal Probability Plots for the Four Sets of LPP Values 

 

Our hypothesis against the SE OPT values are as follows, using α = .05: 

1. H0:   𝜇𝑆𝐸 𝑂𝑃𝑇 ≤  𝜇𝐿𝑃𝑃  (5.1)  

HA:  𝜇𝑆𝐸 𝑂𝑃𝑇 >  𝜇𝐿𝑃𝑃 (5.2) 

2. H0:   𝜇𝑆𝐸 𝑂𝑃𝑇 ≤  𝜇𝐶𝑜𝑠𝑡  (5.3) 

System Concept SEOPT LPP Cost Weight

FAST 0.184398344 0.183061939 0.206980629 0.169968371

LETHAL 0.205334769 0.184799646 0.286319765 0.198746305

TOUGH 0.193227691 0.195262409 0.275394891 0.181629609

LETHAL2 0.256485094 0.202548502 0.310060658 0.287530293

TOUGH2 0.282387232 0.219492166 0.318965641 0.276090109

PSC1 0.273587944 0.203340718 0.323127389 0.218999872

PSC2 0.217576912 0.197984745 0.280625852 0.203589231

ASC 0.193336337 0.179425853 0.303866747 0.176150381

Avg 0.22579179 0.195739497 0.288167697 0.214088021

Std Dev 0.039174999 0.013202462 0.037246734 0.044796527

Sample size 8 8 8 8
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HA:  𝜇𝑆𝐸 𝑂𝑃𝑇 >  𝜇𝐶𝑜𝑠𝑡 (5.4) 

3. H0:   𝜇𝑆𝐸 𝑂𝑃𝑇 ≤  𝜇𝑊𝑒𝑖𝑔ℎ𝑡  (5.5) 

HA:  𝜇𝑆𝐸 𝑂𝑃𝑇 >  𝜇𝑊𝑒𝑖𝑔ℎ𝑡 (5.6) 

The first hypothesis test, represented by equations (5.1 and 5.2), is a one-tailed test. 

The alternate hypothesis is that the SE OPT mean of the LPP scores for the 8 system 

concepts is greater than the mean using our LPP model to choose components to satisfy 

the capability requirements. As LPP is a minimization algorithm, a greater mean 

indicates a worse result. For the second (5.3 and 5.4) and third (5.5 and 5.6) hypothesis 

tests, we want to see if the results of using simple attributes of cost and weight provide 

results which are also better than the SE OPT results, so these tests are one-tailed also.  

We also have the following tests to compare our LPP component selection method 

within our model with simple methods of trying to minimize cost or weight. Just like 

hypothesis test # 1, hypothesis test #4 conducts a one-tailed test (formulas 5.7 and 5.8). 

The alternate hypothesis checks to see if the mean of the scores for the eight system 

concepts using cost as a component selection factor is greater than the mean of the 

system concept LPP scores using LPP as the component selection method. If we cannot 

reject the null hypothesis, then our LPP method did not perform statistically better than 

using cost. Hypothesis test #5 (5.9 and 5.10) is set the same way, except it examine the 

use of weight rather than cost. 

4. H0:   𝜇𝐶𝑜𝑠𝑡 ≤  𝜇𝐿𝑃𝑃  (5.7) 

HA:  𝜇𝐶𝑜𝑠𝑡 >  𝜇𝐿𝑃𝑃 (5.8) 

5. H0:   𝜇𝑊𝑒𝑖𝑔ℎ𝑡 ≤  𝜇𝐿𝑃𝑃  (5.9) 
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HA:  𝜇𝑊𝑒𝑖𝑔ℎ𝑡 >  𝜇𝐿𝑃𝑃 (5.10) 

The results of the hypothesis testing are displayed in Figure 5-3.  

Hypothesis test #1 shows that there is statistically significant evidence that the mean of 

the SEOPT scores for the eight SCs is greater than the mean of the SE OPT LPP scores. 

We can see that our methodology of picking components using an automated LPP process 

to fulfill targeted capability values at given cost ranges worked better than the human 

estimate of most likely values. Hypothesis Test #2 failed to show that the SEOPT mean 

was greater than the means based on using cost to choose components. The p-value is so 

high, it indicates that the mean using cost is greater than the mean using the SEOPT 

SMEs. Hypothesis test #3 failed to disprove the null hypothesis. Therefore, we could not 

show that using the SEOPT method performed worse than the weight method. Hence, the 

LPP method was the only method that performed better than the SE OPT method. 

However, when checking cost and weight methods against the LPP component selection 

method itself, only test #4 showed that there is significant statistical evidence that the LPP 

method provided more optimal results. Test #5, LPP versus weight, could not show 

statistically significant evidence that the mean for the weight method was greater than the 

mean using LPP. 

Part of the explanation of why the weight method seemed to do as well as the SE OPT 

results is that the weight attributes used to select components was an attributes that had direct 

impact on the capability parameters used to assess the LPP scores for the SCs. Capabilities such 

as reserve buoyancy and ground pressure are proportional to weight. The lower the vehicle 

weight, the higher the reserve buoyancy, assuming no change to vehicle shape, which is better 
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(class S-2). Ground pressure, which affects the type of terrain the vehicle can move within, 

decreases, which again results in a better score (class S-1). 

 

Figure 5-3. Hypothesis Test Results Using Minitab 
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To be fair, the SE OPT did not try to find an optimal mix of known components. It 

provided triangular cost and weight estimates of expected low, most likely, and high 

values and then used those values to provide expected low, most likely, and high 

performance values. It is hard to predict how an individual developer shall pick 

components to satisfy capability targets. However, the SC results varied when using 

different optimization strategies. Optimizing for cost could easily affect negatively 

capabilities dependent on weight. Hence, it is not realistic that combinations could be 

found that would provide capabilities all along the low or high estimate range. Picking 

components using the LPP method with attributes that align to vehicle capability attributes 

could provide a better idea of the “should cost” estimate of chosen capabilities. The LPP 

estimate provides a more optimal combination of components and their related cost and 

performance impacts, rather than simply trying to reduce cost. 
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Chapter 6: Conclusion 

 

In this study, we addressed the area of pre-MS A, early-phase SE that required a 

combined cost and performance estimation of different SCs. The goal was to address the 

goals of picking preferred capability targets to define a system’s requirements and have 

requirements decision makers informed of their estimated costs and performance.  

The problem space is ill-defined. We took a mixed-methods approach to define the 

area. This included revisiting pre- and post-WSARA root cause analysis for cost growth to 

understand what causes are the most important to address during the development phase. 

By putting programs into group memberships of relevant cost growth causes, calculating 

conditional probability measures, and conducting clustering analysis, we saw that cost 

estimation and requirements understanding and selection are the predominant causes. This 

was the case for three of the four Services (Army, Air Force, and Joint programs), and for 

all types of systems except for embedded The data also showed that cost and schedule 

estimate errors should not be grouped together, as done in the WSARA model. 

We further defined the area through creating new cases of programs conducting 

integrated cost and performance modeling while trying to determine their requirements. 

Cases in the open literature do not exist. This research conducted a multiple-case study, 

using exploratory cases for a conducting both comparative analysis using a replication 

logic approach and conducting pattern patching against a framework using the Friedman 

and Sage Systems framework for Systems Engineering case studies. These cases, the SE 

OPT analysis of the ACV, the AAS Program, and Army Force Basing, provide key ideas 
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concerning the need for data collection, feedback and iterative processes, and the methods 

of cost estimation in those efforts.  

The case study had issues in terms of reliability, as each was dependent on the 

openness and policies of the program offices involved. Hence, there was a wide disparity 

of data and data sources used amongst the three cases, and no one protocol could be used 

to gather the information. The case with the greatest amount of information was the SE 

OPT case, in which the author had direct participation for over a year. The author 

attempted to prevent bias by focusing on key units of analysis within each case, although 

Yin (2009) contends that the internal validity issue caused by bias is not an issue with 

exploratory cases. The author attempted to get the cases reviewed by the sources. The 

ACV program responded with a review of the entire work, while the Army Force Basing 

and AAS programs provided approval without comment.  

The comparative case analysis informed the creation of an integrated cost and 

technical performance model that uses system-dynamic-like feedback loops and an LPP 

MOO method for decision-making. The model mapped capability targets to total cost and 

technical performance estimates, with the selection of components as a necessary 

intermediate step. The selection of component uses both heuristics and LPP to balance 

against conflicting attributes and uses LPP in an undefined preferences environment.  

We assessed this framework using data from the SE OPT ACV case. We conducted 

statistical analysis of the eight system concepts of the SE OPT effort and the component 

database. Initial correlation analysis of the cost and weight of the original SE OPT system 

concepts showed that there was not significant statistical evidence to show non-zero 

correlation between cost and weight. Hence, parametric cost estimation would not be a 
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good choice. This reinforced the predominantly engineering bottoms-up cost estimation 

approach of the model.  

The model was partially automated and built reusing MS Excel calculation 

spreadsheets originally developed by the author for the SE OPT. We ran the process and 

calculated LPP values against the SE OPT data, as well as data obtained using the LPP 

component selection. We also used minimum cost and weight methods of component 

selection. Hypothesis testing showed that the LPP component selection provided more 

optimal results, and the model in general showed how to provide an optimality measure 

versus the range of capabilities being used to define system requirement. 

A key development within this model were the techniques to use LPP in pre-design or 

conceptual-stage development to better select required capabilities of a system. PP and 

LPP are normally assigned range values via user judgment. In this study, as we did not 

have users available, we automated the assignment process via two methods. First, we 

used the idea of capability ranges which are easily understood from a requirements 

perspective and mapped them to the five boundary values needed for LPP processing. 

Second, we used simple means and standard deviations calculations of component 

attributes. We calculated the mean and standard deviation of simple characteristics, such 

as weight or horsepower in engine component entries in the market research database, to 

be able to calculate LPP scores from that data. Overall, the analysis can be done with tools 

as simple as MS Excel to produce results. 

There are three major limitations of the current framework. First, the framework and 

model instantiations are domain dependent. The model was developed for a combat 

vehicle, so it is a well-defined system with a standardized WBS structure and vehicle 
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architecture. The focus on the interplay of weight, performance, and cost is more focused 

on hardware-centric systems. Second, the current model needs further automation. Going 

through the rule sets outlined in the framework was partially a manual process to 

understand the performance impact of component selection via LPP, and selecting other 

components as necessary. Third, the effort could only be tested on one system type. 

Additionally, the variety of available components to be selected via LPP was limited with 

the SE OPT market research database. While there were several entries for major 

components, such as engines and armor, it was limited in many others, such as 

transmissions, tracks, road wheels, etc.  

Our model and framework can be used not only for pre-MS A activities but 

conceptually can be reused through the life cycle of a system to provide more refined cost 

and performance estimates. For future work, this methodology needs to be tested against 

other programs and use a more extensive database of possible components. Also, the 

methodology needs to be further automated.  



 

125 
 

References 

 

Andersson, Johan. 2000. A Survey of Multiobjective Optimization in Engineering Design. 

Linköpings Universitet: Department of Mechanical Engineering. http://neo.lcc. 

uma.es/emoo/andersson00.pdf.gz. 

 

Aruldoss, Martin, T. Miranda Lakshmi, and V. Prasanna Venkatesan. 2013. “A Survey on 

Multi Criteria Decision Making Methods and Its Applications.” American Journal 

of Information Systems. 1(1), 31–43. doi:10.12691/ajis-1-1-5. 

 

Athan, Timothy and Panos Papalambros. 1996. “A Note on Weighted Criteria Methods 

for Compromise Solutions in Multi-Objective Optimization.”  Engineering 

Optimization. 27, 155-176. 

 

Augusto, O. B., F. Bennis, and S. Caro. 2012. “A New Method for Decision Making in 

Multi-Objective Optimization Problems.” Pesquisa Operacional. 32, 331–69. 

http://www.scielo.br/pdf/pope/ 2012nahead/aop2612.pdf. 

 

Badri, M. A. and D. Davis. 2001. “A Comprehensive 0-1 Goal Programming Model for 

Project Selection.” International Journal of Project Management. 19, 243–252.  

 

Baghel, Malti, Shikha Agrawal, and Sanjay Silakari. 2012. “Survey of Metaheuristic 

Algorithms for Combinatorial Optimization.” International Journal of Computer 

Applications 58 (19): 21–31. http://scholar.google.com/scholar?hl=en&btnG= 

Search&q=intitle:Survey+of+Metaheuristic+Algorithms+for+Combinatorial+Opti

mization#0. 

 

Belton, V., and T. Gear. 1983. “On a Short-Coming of Saaty’s Method of Analytic 

Hierarchies.” Omega. 11(3), 2–4. http://scholar.google.com/scholar?hl= 

en&btnG=Search&q=intitle:On+a+short-coming+of+Saaty’s+Method+ 

of+Analytic+Hierarchies#0. 

 

Blanchard, Benjamin S. 2004. Logistics Engineering and Management. New Jersey: 

Prentice Hall. 

 

Biltgen, Patrick T., Tomer Ender, Dimitri N. Mavris. 2006. "Development of a 

collaborative capability-based tradeoff environment for complex system 

architectures." 44th American Institute of Aeronautics and Astronautics (AIAA) 

Aerospace Sciences Meeting and Exhibit. 1–11. http://smartech.gatech.edu/ 

handle/1853/25168. 

 



 

126 
 

Blickstein, Irv, Michael Boito, Jeffrey A. Drezner, James Dryden, Kenneth Horn, James 

G. Kallimani, Martin C. Likicki, Megan McKernan, Roger C. Molander, Charles 

Nemfakos, Chad J. R. Ohlandt, Caroline Reilly,  Rena Rudavsky, Jerry M. 

Sollinger, Katherine W. Webb, and Carolyn Wong. 2011. Root Cause Analyses of 

Nunn-McCurdy Breaches: Volume 1. California: RAND Corporation. Accessed 

from http://www.rand.org/content/dam/rand/ 

pubs/monographs/2011/RAND_MG1171.1.pdf. 

 

Blickstein, Irv, Jeffrey A. Drezner, Martin C. Libicki, Brian Mcinnis, Megan McKernan, 

Charles Nemfakos, Jerry M. Sollinger, and C. Wong. 2012. Root Cause Analyses 

of Nunn-McCurdy Breaches: Volume 2. California: RAND Corporation. 

http://www.rand.org/content/dam/rand/pubs/ monographs/2011/ 

RAND_MG1171.1.pdf. 

 

Blickstein, Irv, Jeffrey A. Drezner, Brian Mcinnis, and Jerry Sollinger. 2012. Aspects of 

and Insights into Analyzing the Root Causes of Nunn-McCurdy Breaches. 

California: RAND Corporation. http://www.acq.osd.mil/parca/ 

docs/IDAReports/Aspects_of_and_Insights_Into_Analyzing_the_Root_ 

Causes_of_Nunn-McCurdy _Breaches.pdf. 

 

Bolten, Joseph G., Robert S. Leonard, Mark V. Arena, Obaid Younossi, and Jerry 

Sollinger. 2008. Sources of Weapon System Cost Growth. California: RAND 

Corporation. http://www.rand.org/content/dam/rand/pubs/ monographs/2008/ 

RAND_MG670.pdf. 

 

Brans, J. P., and P. Vincke. 1985. “A Preference Ranging Organization Method. The 

PROMETHEE method for MCDM.” Management Science. 31, 647–656.  

 

Bronson, Patricia F, John R. Hiller, Scot A. Arnold, Ji S. Byun, Harley A. Cloud, 

Alexander O. Gallo, Matthew W. Gonwa,  Bruce R. Harmon, Prashant R. Patel, 

and Carl D. Sulivan. 2010. WSARA 2009: Joint Strike Fighter Root Cause 

Analysis (IDA Paper P-4612). Institute for Defense Analyses. 

http://www.acq.osd.mil/ parca/docs/IDA-Reports/WSARA-2009-Joint-Strike-

Fighter-Root-Cause-Analysis.pdf. 

 

Buss, M. D. 1983. “How to Rank Computer Projects,” Harvard Business Review. 61, 

118–125.  

 

Chang, Jin O. 2005. “A Generalized Decision Model for Naval Weapon Procurement : 

Multi-Attribute Decision Making.” University of South Florida. 

 

Charnes, Abraham and William Cooper. 1961. Management Models and Industrial 

Applications of Linear Programming: John Wiley and Sons, Inc., New York, NY. 

 

Charnes, Abraham and William Cooper. 1977. “Goal Programming and Multiple 



 

127 
 

Objective Optimization; Part 1”. European Journal of Operational Research. 1, 

39–54. 

 

Charnes, Abraham, R. Clower, and K. Kortanek. 1967. “Effective Control Through 

Coherent Decentralization with Preemptive Goals”. Econometrica. 35, 294–320. 

 

Charnes, Abraham, William Cooper, and R. Ferguson. 1955. “Optimal Estimation of 

Executive Compensation by Linear Programming” Management Science. 1, 138-

151.  

 

Chen, Wei, Atul Sahai, Achille Messac, and Glynn J. Sundararaj. 2000. "Exploration of 

the Effectiveness of Physical Programming in Robust Design." ASME Journal of 

Mechanical Design. 122 (June), 17–26. http://ideal.mech.northwestern.edu/pdf/ 

robust_Messac.pdf. 

 

Coello, Carlos A. 2001. “An Updated Survey of GA-Based Multiobjective Optimization 

Techniques.” ACM Computing Surveys. 32(2), 109–33. 

 

Coyle, J. M, D. Exelby, and J. Holt. 1999. "System Dynamics in Defence Analysis: Some 

Case Studies." Journal of the Operational Research Society. 50(4), 372–382. 

http://www.jstor.org/stable/10.2307/3010456. 

 

Coyle, Jonathan. 2002. "Simulating Operation & Support Costs Using System Dynamics." 

SCEA Online. http://www.sceaonline.net/pdfs/PTAS-01Bate_OSCAM.pdf. 

 

Coyle, R. 1992. "The Optimisation of Defence Expenditure." European Journal of 

Operational Research. 56(3), 304–318. http://www.sciencedirect.com/science/ 

article/pii/037722179290314Y. 

 

Coyle, R. 1996. "System Dynamics Applied to Defense Analysis: A Literature Survey." 

Defense Analysis. 12(2), 37–41. http://www.tandfonline.com/doi/abs/10.1080/ 

07430179608405690. 

 

Curtis, S., C. Mattson, B. Hancock, P. Lewis. 2013. "Divergent Exploration in Design 

with a Dynamic Multiobjective Optimization Formulation." Structural and 

Multidisciplinary Optimization. 47(5), 395-409. 

 

Dahmann, Judith, Amber Bhatti, Michael Kelley. 2009. "Importance of Systems 

Engineering in Early Acquisition." IEEE 3rd Annual International Systems 

Conference. 

 

 Defense AT&L Staff. 2007. "Advance Sensor Technology Team Awarded Defense 

Acquisition Executive Certificate of Achievement." Defense AT&L Magazine. A 

Publication of the Defense Acquisition University. 36 (2), 79. 

 



 

128 
 

Duggan, Jim. 2008. "Using System Dynamics and Multiple Objective Optimization to 

Support Policy Analysis for Complex Systems." Edited by H. Qudrat-Ullah, J. M. 

Spector, and P. I. Davidsen, Complex Decision Making (59–81). New York: 

Springer. http://www.springerlink.com/index/ YV4071K20L17J301.pdf. 

 

Elanchezhian, C, B. Vijaya Ramnath, and R. Kesavan. 2010. “Vendor Evaluation Using 

Multi Criteria Decision Making Technique.” International Journal of Computer 

Applications. 5(9), 4–9. 

 

Ender, Tomer. 2006. "A Top-Down, Hierarchical, System-of-Systems Approach to the 

Design of an Air Defense Weapon." PhD Diss, Georgia Institute of Technology. 

 

Ender, Tomer, Ryan F. Leurck, Brian Weaver, Paul Miceli, William D. Blair, Philip West, 

and Dimitri Mavris. 2010. "Systems-of-Systems Analysis of Ballistic Missile 

Defense Architecture Effectiveness Through Surrogate Modeling and Simulation." 

IEEE Systems Journal. 4(2), 156–166. http://ieeexplore.ieee.org/xpls/abs_all.jsp 

?arnumber=5451061. 

 

Ender, Tomer, Tom McDermott, and Dimitri Mavris. 2009. "Development and 

Application of Systems Engineering Methods for Identification of Critical 

Technology Elements During System Acquisition." 7th Annual Conference on 

Systems Engineering Research 2009 (CSER 2009). 

 

Farmani, Raziyeh, Godfrey Walters and Dragan Savic. 2006. "Evolutionary Multi-

Objective Optimization of the Design and Operation of Water Distribution 

Network: Total Cost vs. Reliability vs. Water Quality." Journal of 

Hydroinformatics. 9(1), 165–179. doi:10.2166/hydro.2006.019. 

 

Forester, Jay. W. 1961. Industrial dynamics. New York: Pegasus Communications. 

 

Friedman, George and Andrew P. Sage. 2004. "Case Studies of Systems Engineering and 

Management in Systems Acquisition." Systems Engineering, 7: 84–97. 

 

Fox, Jeffrey N., Paul M. Kodzwa, David M. Tate, and Patricia F. Bronson. 2011. "Global 

Hawk : Root Cause Analysis of Projected Unit Cost Growth (IDA Paper P-4668)." 

Institute for Defense Analyses. http://www.dtic.mil/cgi-bin/GetTRDoc?AD 

=ADA549834. 

 

GAO. 2003. "Best Practices: Setting Requirements Differently Could Reduce Weapon 

Systems ’ Total Ownership Costs (GAO-03-57)." United States Government 

Accountability Office Highlights.  

 

GAO. 2008. "Defense Acquisitions: Better Weapon Program Outcomes Require 

Discipline, Accountability, and Fundamental Changes in the Acquisition 



 

129 
 

Environment (GAO-08-782T)." United States Government Accountability Office 

Highlights. 

 

GAO. 2009. "Defense Acquisitions: DoD must Balance its Needs with Available 

Resources and Follow an Incremental Approach to Acquiring Weapon Systems." 

United States Government Accountability Office. 

 

GAO. 2011. "DoD Weapon Systems: Missed Trade-off Opportunities During 

Requirements Reviews (GAO-11-502)." United States Government Accountability 

Office Report to Congressional Committees. 

 

Gao, Peng, Junwen Feng, and Lu Yang. 2008. “Fuzzy TOPSIS Algorithm for Multiple 

Criteria Decision Making with an Application in Information Systems Project 

Selection.” In 4th International Conference on Wireless Communications, 

Networking and Mobile Computing, 2008. 4–7. http://ieeexplore.ieee.org/xpls/ 

abs_all.jsp?arnumber=4679948. 

 

Gardener, T. and J. Moffat. 2008. "Changing Behaviours in Defence Acquisition: A Game 

Theory Approach." Journal of Operational Research Society. 59, 225-230. 

 

Garza-Fabre, Mario, Gregorio T. Pulido, and Carlos Coello. 2009. “Ranking Methods for 

Many-Objective Optimization.” In MICAI 2009: Advances in Artificial 

Intelligence. 633–45. Berlin: Springer Berlin Heidelberg. doi:10.1007/978-3-642-

05258-3_56. 

 

Gensure, John. 2013. Advanced Sensor Technologies (AST) input to Ed DeVilliers' PhD 

research project. Unpublished manuscript. 

 

Georgiadis, DR, TA Mazzuchi, and Shahram Sarkani. 2013. “Using Multi Criteria 

Decision Making in Analysis of Alternatives for Selection of Enabling 

Technology.” Systems Engineering. 16(3), 287–303. doi:10.1002/sys. 

 

Gerasimov, E.N. and V. N. Repko. “Multicriterial Optimization”. Soviet Applied 

Mechanics. 14(11), 1179–1184. 

 

Glover, Fred. 1989. “Tabu Search - Part I.” ORSA Journal on Computing. 1, 190-206. 

 

Glover, Fred. 1996. “Tabu Search and Adaptive Memory Programming—advances, 

Applications and Challenges.” In Interfaces in Computer Science and Operations 

Research, 1–75. Kluwer. http://link.springer.com/chapter/10.1007/978-1-4615-

4102-8_1 

 

Goodwin, P., & G. Wright. 2004. Decision Analysis for Management Judgment. Wiley: 

Chichester, England.  

 



 

130 
 

Guenov, Marin, Paolo Fantini, Libish Balachandran, Jeremy Maginot, Mattia Padulo, and 

Marco Nunez. 2010. "Multidisciplinary Design Optimization Framework for the 

Pre-design Stage." Journal of Intelligent and Robotic Systems. 59(3-4), 223-240. 

 

Haimes, Y., Lason, L. and Wismer, D.  1971. “On a Bicriterion Formulation of the 

Problems of Integrated System Identification and System Optimization”, IEEE 

Transaction on Systems, Man, and Cybernetics. SMC-1, 296–297. 

 

Hart, C., Z. He, R. Sbragio, and N. Vlahopoulos. 2012. "An Advanced Cost Estimation 

Methodology for Engineering Systems." Systems Engineering. 15(1), 28-40.  

 

Holland, John H. 1975. Adaptation in Natural and Artificial Systems, an introductory 

analysis with application to biology, control and artificial intelligence. Ann Arbor: 

The University of Michigan Press. 

 

Hughes, Evan. 2005. "Evolutionary Many-Objective Optimization: Many Once or One 

Many? Evolutionary Computation.” The 2005 IEEE Congress on Evolutionary 

Computation. 1, 222-227. doi: 10.1109/CEC.2005.1554688. 

 

Hwang, C. L. and A. S. Md. Masud. 1979. “Multiple Objective Decision Making, 

Methods and Applications: A State-of-the-Art Survey.” In: Beckmann, M.; Kunzi, 

H.P. (eds.) Lecture Notes in Economics and Mathematical Systems. 164. Berlin: 

Springer-Verlag. 

 

Hwang, C.L. and K. Yoon. 1981. Multiple Attribute Decision Making: Methods and 

Applications. New York: Springer-Verlag. 

 

Ignizio, J. P. 1983. “Generalized Goal Programming An Overview.” Computers & 

Operations Research. 1(4), 277–89. http://www.sciencedirect.com/science/ 

article/pii/0305054883900035. 

 

Ijiri, Yuri. 1965. Management Goals and Accounting for Control. North-Holland: 

Publishing Co., Amsterdam, The Netherlands. 

 

Ilgin, Mehmet A., and Surendra M. Gupta. 2012. "Physical Programming: A Review of 

the State of the Art." Studies in Informatics and Control. 21(4), 349–366. 

http://sic.ici.ro/sic2012_4/art01.pdf. 

 

ICEAA. 2013. Cost Estimating Body of Knowledge (CEBoK) [CDROM]. International 

Cost Estimating and Analysis Association.  

 

International Council of Systems Engineering (INCOSE). 2012. Requirements 

Engineering Guide for All (REGAL). http://www.incose.org/ regal/regal.aspx  

 



 

131 
 

International Council of Systems Engineering. 2011. Systems Engineering Handbook: A 

Guide for System Life Cycle Processes and Activities. https://connect .incose.org/ 

products/SAWG%20Shared%20Documents/SE%20Handbook/ 

SE%20Handbook%20v3%202%202%202011_FINAL_8x11_01Mar12.pdf  

 

Jones, J. 2013. Reference Architecture Development Process. Unpublished manuscript. 

 

Kahraman, Cengiz. 2008. Fuzzy Multi-Criteria Decision Making: Theory and 

Applications with Recent Developments. New York, NY: Springer 

Science+Business Media, LLC. http://link.springer.com/chapter/10.1007/978-1-

4757-3157-6_13. 

 

Kennedy, James and Russell Eberhart. 1995. “Particle Swarm Optimization.” Proceedings 

of the IEEE International Conference on Neural Networks. 1942–1948. 

 

Khataie, Amir H., Juan J. Segovia, and Akif A. Bulgak. 2011. "The Use of System 

Dynamics as a Cost Management Tool." The 17th International Conference on 

Information Systems Analysis and Synthesis: ISAS 2011. http://www.iiis.org/ 

CDs2011/CD2011IMC/ISAS_2011/index.asp?id=0&area=6. 

 

Killingsworth, William R., Steven M. Speciale, and Nelson T. Martin. 2010. "Using 

System Dynamics to Estimate Reductions in Life-cycle Costs Arising from 

Investments in Improved Reliability." Proceedings of the 28th International 

Conference of the System Dynamics Society. 1–29. http://www.systemdynamics. 

org/conferences/2010/proceed/papers/P1006.pdf. 

 

Kirkpatrick S., C. D. Gelatt, and M. P. Vecchi. 1983. “Optimization by Simulated 

Annealing,” Science. 220, 671-680. 

 

Koksalan, Murat, Jyrki Wallenius, and Stanley Zionts. 2013. “An Early History of 

Multiple Criteria Decision Making.” Journal of Multi-Criteria Decision Analysis. 

20(1-2), 87–94. doi:10.1002/mcda. 

 

Korhonen, Pekka, Herbert Moskowitz, and Jyrki Wallenius. 1992. “Multipie Criteria 

Decision Support - A Review.” European Journal of Operational Research. 63, 

361–75. 

 

Kranz, Gordon M. 2009. Overview of the Weapon Systems Acquisition Reform Act of 

2009 (Public Law 111-23) (Vol. 2009). http://www.ndia.org/Divisions/ 

Divisions/SystemsEngineering/ Documents/Committees/MissionAnalysis 

Committee/Support Documentation/WSAR/SSE Brief to Jun09 NDIA SE Div-

Final.pdf. 

 

Lai, V. S., B. K. Wong, and W. Cheung. 2002. “Group Decision Making in a Multiple 

Criteria Environment: A Case Using the AHP in Software Selection.” European 



 

132 
 

Journal of Operational Research. 137, 134-144.  

 

Lee, J. W. and S. H. Kim. 2000. “Using Analytic Network Process and Goal Programming 

for Interdependent Information System Project Selection.” Computers & 

Operations Research. 27, 367-382.  

 

Lightner, Michael and S. Director. 1981. “Multiple Criterion Optimization for the Design 

of Electronic Circuits.” IEEE Transactions on Circuits and Systems. 28(3), 169-

179. 

 

Loucopoulos, P., and N. Prekas. 2003. "A Framework for Requirements Engineering 

Using System Dynamics." Proceedings of the 21st International Conference of the 

System Dynamics Society. http://www.systemdynamics.org/conferences/ 

2003/proceed/ PAPERS/223.pdf. 

 

Lucas, H. C. and Moore Jr. 1976. “A Multiple-Criterion Scoring Approach to Information 

System Project Selection,” Information. 14, 1-12.  

 

Lygoe, Robert J., Mark Cary, and Peter J. Fleming. 2010. “A Many-Objective 

Optimization Decision Making Process Applied to the Automotive Diesel 

Engine.” K. Deb et al (Eds.), Simulated Evolution and Learning, Lecture Notes in 

Computer Science. 6457, 638-646. 

 

Ma, Xiaoning, and Baotian Dong. 2008. "Linear Physical Programming-based Approach 

for Web Service Selection." 2008 International Conference on Information 

Management, Innovation Management, and Industrial Engineering. 398–401. 

doi:10.1109/ICIII.2008.156. 

 

Marine Corps Systems Command. 2012. "ACV Team Earns Highest Honors." The Point. 

http://www.marcorsyscom.marines.mil/Portals/105/FRO/ The%20Point% 

20Archive/The%20Point%20September%202012.pdf 

 

Marler, R. T. and J. S. Arora. 2004. "Survey of Multi-Objective Optimization Methods for 

Engineering." Structural and Multidisciplinary Optimization. 26(6), 369–395. 

doi:10.1007/s00158-003-0368-6. 

 

Marler, R. T., and J.S. Arora. 2010. “The Weighted Sum Method for Multi-Objective 

Optimization: New Insights.” Structural and Multidisciplinary Optimization. 41, 

853–62. doi:10.1007/s00158-009-0460-7. 

 

Mcallister, Charles, Timothy W. Simpson, Kemper Lewis, and Achille Messac. 2004. 

“Robust Multiobjective Optimization Through Collaborative Optimization and 

Linear Physical Programming Robust Multiobjective Optimization through 

Collaborative.” In 10th Multidisciplinary Analysis and Optimization Conference. 

Albany, NY. 



 

133 
 

 

Meade, L. M. and A. Presley.  2002. “R&D Project Selection Using the Analytic Network 

Process.” IEEE Transactions of Engineering Management. 49, 59–66. 

 

Messac, Achille, and Philip D. Hattis. 1996. "Physical Programming Design Optimization 

for High Speed Civil Transport (HSCT)." AIAA Journal of Aircraft. 33(2), 446–

449. https://messac.expressions.syr.edu/wp-content/uploads/2012/05/ 

Messac_1996_JA_PP.pdf. 

 

Messac, Achille, Michael Martinez, and Timothy Simpson. 2002. "Effective Product 

Family Design Using Physical Programming." Engineering Optimization. 34(3), 

245–261. http://www.tandfonline.com/doi/abs/10.1080/ 03052150211746. 

 

Messac, Achille. 1996. "Physical Programming: Effective Optimization for Computational 

Design." AIAA Journal. 34(1), 149–158. 

 

Messac, Achille, and Bruce H. Wilson. 1998. "Physical Programming for Computational 

Control." AIAA Journal. 36(2), 219–226. doi:10.2514/3.13801. 

 

Messac, Achille, S. M. Gupta, B. Akbulut. 1996. Linear Physical Programming: A New 

Approach to Multiple Objective Optimization. Transactions on Operations 

Research. 8(2), 39-59 

 

Milani, AS, CK Eskicioglu, K Robles, K Bajun, and H Hosseini-Nasab. 2011. “Multiple 

Criteria Decision Making with Life Cycle Assessment for Material Selection of 

Composites.” Express Polymer Letters. 5(12), 1062–74. doi:10.3144/ 

expresspolymlett.2011.104. 

 

Miettinen, K. 1999. Nonlinear Multiobjective Optimization. Boston: Kluwer Academic 

Publishers. 

 

Monat, J. P. 2009. “The Benefits of Global Scaling in Multi-Criteria Decision Analysis.” 

Judgment and Decision Making. 4(6), 492–508. http://www.sas.upenn.edu/ 

~baron/journal/8430/jdm8430.pdf. 

 

Monga, Pavender. 2001. "A System Dynamics Model of the Development of New 

Technologies for Ship Systems." Masters Thesis. Virginia Polytechnic Institute 

and State University. 

 

Mullur, Anoop, Christopher Mattson, and Achille Messac. 2003. "New Decision Matrix 

Based Approach for Concept Selection using Linear Physical Programming." 44th 

AAIAA/ASME/ ASCE/AHS Structures, Structural Dynamics, and Materials 

Conference, 1–11. http://arc.aiaa.org/doi/pdf/10.2514/6.2003-1446. 

 



 

134 
 

Naim, Aziz M. 2008. Multi-Attribute Decision-Making Under Uncertainty Using 

Preference Ranges : A Filtering Algorithm. State University of New York at 

Buffalo. http://books.google.com/books?hl=en&lr=&id=U0hs4oXYCnsC&oi= 

fnd&pg=PR2&dq=Multi-Attribute+Decision-Making+Under+Uncertainty+ 

Using+Preference+Ranges+:+A+Filtering+Algorithm&ots=cXp4KpQohl&sig=X

YYsTal8K1M8ZX1KHzTHUmRJpxw. 

 

National Research Council. 2008. Pre-milestone A and Early-Phase Systems Engineering: 

A Retrospective Review and Benefits for Future Air Force Acquisition. 

Washington, DC: The National Academies Press. 

 

Nijkamp, Peter, Edwin Hinloopen, and Piet. Rietvelt. 1983. “The Regime Method: A 

new Multicriteria Technique.” In Essays and Surveys on Multiple Criteria 

Decision Making. 146-155. Berlin: Springer Berlin Heidelberg. doi: 

10.1007/978-3-642-46473-7_13 

  

Nitzsch, Riidiger Von, and Martin Weber. 1993. “The Effect of Attribute Ranges on 

Weights in Multiattribute Utility Measurements.” Management Science. 39(8), 

937–43. http://pubsonline.informs.org/doi/abs/10.1287/mnsc.39.8.937. 

Nitzsch, Rudiger, and Martin Weber. 1993. “The Effect of Attribute Ranges on Weights in 

Multi attribute Utility Measurements” Management Science. 39, 937–943.  

Ogryczak, Wlodzimierz. 1994. “A Goal Programming Model of the Reference Point 

Method.” Annuals of Operations Research. 51, 33–44. 

 

Olson, D.L. 2004. “Comparison of Weights in TOPSIS Models.” Mathematical and 

Computer Modelling 40 (7-8): 721–27. doi:10.1016/j.mcm.2004.10.003. 

 

Pareto, Vilfredo. 1896. Cours D’Economie Politique. Rouge, Lausanne, Switzerland.  

 

Pernin, Christopher G., Eliot Axelband, Jeffrey A. Drezner, Brian B. Dille, John Gordon, 

Bruce J. Held, Scott McMahon, Walter Perry, Christopher Rizzi, Akhil R. Shah,  

Peter A.Wilson, and Jerry M. Sollinger. 2012. Lessons from the Army’s Future 

Combat System Program. RAND: Arroyo Center. 

http://www.rand.org/content/dam/rand/pubs/monographs/2012/ 

RAND_MG1206.pdf. 

 

Pohekar, S.D., and M. Ramachandran. 2004. “Application of Multi-Criteria Decision 

Making to Sustainable Energy planning—A Review.” Renewable and Sustainable 

Energy Reviews. 8(4), 365–81. doi:10.1016/j.rser.2003.12.007. 

 

Polatidis, Heracles, Dias A Haralambopoulos, and Giussepe Munda. 2006. “Selecting an 

Appropriate Multi-Criteria Decision Analysis Techniques for Renewable Energy 

Planning.” Energy Sources, Part B. 1, 181–93. doi:10.1080/ 009083190881607. 



 

135 
 

 

Project Management Institute. 2008. A Guide to the Project Management Body of 

Knowledge, Fourth Edition (PMBOK Guides). Project Management Institute, Inc. 

Newtown Square, PA. 

 

Purshouse, Robin C.  2003. “Evolutionary Many-Objective Optimization: An Exploratory 

Analysis.” The 2003 Congress on Evolutionary Computation (CEC). 3, 2066-

2073. 

 

Purvis, Christopher D. 2001. "Estimating C-17 Operating and Support Costs: 

Development of a System Dynamics Model." Masters Thesis, Air Force Institute 

of Technology. www.dtic.mil/dtic/tr/fulltext/u2/a391047.pdf. 

 

Rahmandad, Hazhir and Soheil Sibdari. 2012. "Joint Pricing and Openness Decisions in 

Software Markets with Reinforcing Loops." System Dynamics Review. 28(3), 209–

229. doi:10.1002/sdr. 

 

Reddy, Sudhakar Y., Kenneth W. Fertig, and David J. McCormick. 2006. "Constrained 

Exploration of Trade Spaces." 2nd IEEE International Conference on Space 

Mission Challenges for Information Technology (SMC-IT’06). 1–9. 

http://ieeexplore.ieee.org/xpls/abs_all.jsp?arnumber=1659548. 

 

Roy, B., and P. Vincke. 1981. Multicriteria Analysis: Survey and New Directions. 

European Journal of Operational Research. 8, 207–218.  

 

Saaty, T.L. 1980. The Analytic Hierarchy Process. McGraw-Hill International, New York. 

 

Saaty, Thomas L. 2008. “Decision Making with the Analytic Hierarchy Process.” 

International Journal of Services Sciences 1 (1): 83. 

doi:10.1504/IJSSCI.2008.017590. 

 

Sanchis, J., M. A. Martinez, X. Blasco, and G. Reynoso-Meza. 2010. Modelling 

Preferences in Multi-Objective Engineering Design. Engineering Applications of 

Artificial Intelligence. 23(8), 1255-1264. 

 

SE OPT. 2012a. Carderock Hydrodynamic Information [data folder]. Quantico, VA: 

Systems Engineering, Interoperability, Architecture, and Technology Division, 

Marine Corps Systems Command. 

 

---. 2012b. Design readiness calculator [data file]. Quantico, VA: Systems Engineering, 

Interoperability, Architecture, and Technology Division, Marine Corps Systems 

Command. 

 

---. 2012c. Tools [data folder]. Quantico, VA: Systems Engineering, Interoperability, 

Architecture, and Technology Division, Marine Corps Systems Command. 



 

136 
 

 

---. 2012d. Requirements Analysis and Cost Estimate (RACE) for Amphibious Vehicle 

Alterntives. Quantico, VA: Systems Engineering, Interoperability, Architecture, 

and Technology Division, Marine Corps Systems Command. 

 

---. 2012e. Schedule Analysis [data folder]. Quantico, VA: Systems Engineering, 

Interoperability, Architecture, and Technology Division, Marine Corps Systems 

Command. 

 

Shad, Zahra, Emad Roghanian, and Fatemeh Mojibian. 2014. “Integration of QFD, AHP, 

and LPP Methods in Supplier Development Problems under Uncertainty.” Journal 

of Industrial Engineering International. 10(2), 1–8. 

http://link.springer.com/article/10.1007/s40092-014-0051-0. 

 

Short, Karen. 2013. Force Basing Overview. Unpublished manuscript. 

 

Short, Karen, Victor Robertson, and J. Jones. 2013. Interview Notes from 5 March 2013. 

Unpublished manuscript. 

 

Sipahi, Seyhan, and Mehpare Timor. 2010. “The Analytic Hierarchy Process and Analytic 

Network Process: An Overview of Applications.” Management Decision. 48(5), 

775–808. doi:10.1108/00251741011043920. 

 

Stem, David E., Michael Boito, and Obaid Younossi. 2006. Systems Engineering and 

Program Management: Trends and Costs for Aircraft and Guided Weapons 

Programs. RAND. http://www.rand.org/pubs/monographs/MG413.html. 

 

Stewart, T. J. 1981. “A Descriptive Approach to Multiple-Criteria Decision Making.” The 

Journal of the Operational Research Society. 32(1), 45-53. 

 

Stewart, TJ. 1992. “A Critical Survey on the Status of Multiple Criteria Decision Making 

Theory and Practice.” Omega International Journal of Management Science. 

20(5), 569–86. http://www.sciencedirect.com/science/article/ 

pii/030504839290003P. 

 

Tappeta, R., J. Renaud, J., Achille Messac, and G. Sundararaj. 2000. "Interactive Physical 

Programming: Tradeoff Analysis and Decision Making in Multicriteria 

Optimization." AIAA Journal. 38(5), 917–926. http://cat.inist.fr/?aModele= 

afficheN&cpsidt=1348290. 

 

Tian, Z. G., H. Z. Huang, and L. W. Guan. 2002. Fuzzy Physical Programming and Its 

Application in Optimization of Through Passenger Train Plan. Proceedings of the 

International Conference on Taffic and Transportation Studies. Guilin, China. 

498-503 

 



 

137 
 

Trehan, Rajeev, and Rohit Sharma. 2012. “Decision Making Using Multi Criteria 

Decision Making ( MCDM ) Techniques.” The Business Review. 20(2), 188–95. 

 

Triantaphyllou, E., B. Shu, S. N. Sanchez, and V. Ray. 1998. “Multi-criteria Decision 

Making: An Operations Research Approach”, Encyclopedia of Electrical and 

Electronics Engineering. 15, 175–186. 

 

von Neumann, John and Oskar Morgenstern. 1944. Theory of Games and Economic 

Behavior. Princeton, NJ: Princeton University Press. 

 

Weapon System Acquisition Reform Act of 2009 (Pub. L. No. 1704). United States. 

http://www.acq.osd.mil/se/docs/PUBLIC-LAW-111-23-22MAY2009.pdf. 

 

Wolstenholme, E. 1983. "The Relevance of System Dynamics to Engineering Systems 

Design." European Journal of Operational Research. 14(1), 116–126. 

http://www.sciencedirect.com/science/article/pii/0377221783902965. 

 

Yen J., J. Liao, B. Lee, and D. Randolph D. 1998. “A Hybrid Approach to Modeling 

Metabolic Systems Using a Genetic Algorithm and Simplex Method.” IEEE 

Transaction on Systems, Man and Cybernetics. 28, 173-191. 

 

Yin, Ron K. 2009. Case Study Research: Design and Methods. Washington, D.C.: Sage 

Publications, Inc. 

 

Younossi, Obaid, Mark A. Lorell, Kevin Brancato, Cynthia R. Cook, Mel Eisman, 

Bernard Fox, John C. Graser, Yool Kim, Robert S. Leonard, S. L. Pfleeger, and 

Jerry M. Sollinger. 2008. Improving the Cost Estimation of Space Systems: Past 

Lessons and Future Recommendations. RAND: Project Air Force. 

http://www.rand.org/content/dam/ rand/pubs/monographs/2008/ 

RAND_MG690.pdf. 

 

Younossi, Obaid, David E. Stem, Mark A. Lorell, and Frances M. Lussier. 2005. Lessons 

Learned from the F/A-22 and F/A-18E/F Development Programs. RAND: Project 

Air Force. http://www.rand.org/content/dam/rand/pubs/ monographs/2005/ 

RAND_MG276.pdf. 

 

Yukish, Mike, Gary M. Stump, and Sara Lego. 2007. "Visual Steering and Trade Space 

Exploration." 2007 IEEE Aerospace Conference. 1–9. doi:10.1109/ 

AERO.2007.35298. 

 

Zanakis, Stelios H., Anthony Solomon, Nicole Wishart, and Sandipa Dublish. 1998. 

“Multi-Attribute Decision Making: A Simulation Comparison of Select Methods.” 

European Journal of Operational Research. 107(3), 507–29. doi:10.1016/S0377-

2217(97)00147-1. 

 



 

138 
 

Zeleny, Milan. 1982. Multiple Criteria Decision Making, New York: McGraw Hill. 

 

Zhang, Nannan. 2010. "2D Turbine Airfoil Optimization using Physical Programming." 

2010 IEEE International Conference on Mechatronics and Automation. 852–856. 

doi:10.1109/ICMA.2010.5589008. 
 



 

139 
 

Appendix A. AST Program Response 

 



 

140 
 

 



 

141 
 

 



 

142 
 

 



 

143 
 

 



 

144 
 

 



 

145 
 

Appendix B. Force Basing Interview Notes 

 

The following are notes taken during a phone interview with the Force Basing Branch 

staff on Mar 5, 2013 and reviewed for accuracy by the participants. 

Participants: 

1. Karen Short.  

2. Victor Robertson.  

3. Jeff Jones.  

Interviewer: Ed DeVilliers 

1. What are the current roles of the interviewees? 

a. Karen Short. She is the Branch Chief, Force Basing, Formations Architecture, in 

System of Systems Engineering (SoSE), organization under the Assistant 

Secretary of the Army (Acquisition, Logistics, and Technology) (ASA(ALT)). 

Her branch conducts for Reference Architecture development for Force Basing, 

which includes the three areas of Integrated Base Defense (IBD), 

Communications/Computing Infrastructure (CCI), and Base Infrastructure (BI). 

She has been in the branch for about 1 year, with the first 2-3 months as the 

deputy, and the remainder of the time as the branch lead. 

b.  Vic Robertson. He came into the branch in the summer of 2010, and transitioned 

into the contractor role in July of 2012. He is now a support contractor working 

for Karen Short as the Lead Integrator for Force Basing. 

c. Jeff Jones. He is a support contractor working for Karen Short who has helped 

lead the development of the first reference architecture for IBD. 

2. What are the educational and professional backgrounds of the interviewees? 

a. Karen Short: Ms. Short has a BS in Engineering and an MBA from the 

University of Tennessee. She has 12 years experience in government acquisition 

in the Systems Planning, Research, Development and Engineering (SPRD&E) 

area (level 3), with a former position as a lead systems engineer developing 

missile systems. 

b. Vic Robertson. Mr. Robertson is a graduate of the U.S. Military Academy (’79) 

with a MS in War Planning from Ft. Leavensworth. He has 21 years experience 

as an Army officer, and 10 years experience within the acquisition community as 

a systems integrator. 

c. Jeff Jones. Mr. Jones is a graduate of the U.S. Military Academy (’76) with a MS 

in Electrical Engineering (1989). He served in the Corps of Engineers and gained 

a Professional Engineer (PE) designation in 1980. After serving in the 
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commercial world in the trucking and shipping arena for 3 years, Mr. Jones 

started supporting the Future Combat System (FCS) program as a systems 

engineer and also worked within PEO Integration.  

3. What were the most rewarding and frustrating aspects of the Reference Architecture 

effort? 

a. Jeff Jones: The most rewarding aspect was the people, and the teams that were 

formed. Other rewarding aspects were being able to work to short timelines 

while being able to produce good and new products. The most frustrating aspect 

of the job in Force Basing was getting the needed people to participate in the 

effort. 

b. Vic Robertson: Vic did not find the job frustrating. He saw this as a result of his 

role. First, he was not responsible for the effort. Second, his role was more 

external audience focused. His role was in explaining the products of the group. 

IN this role, he was assisted by Jeff Jones, and he helped Jeff get more external 

stakeholder involvement. In this role with Jeff, he did share Jeff’s frustrations in 

trying to explain to external stakeholders why they should care about the 

Reference Architecture effort, and explaining repeatedly the process, and 

distinguishing their role with the roles played by the stakeholders. 

c. Karen Short: Ms. Short found the quality of the people as the most rewarding 

aspect, along with the high quality of the products and processes that resulted 

from their work. This was especially true since she did not have to pick these 

people herself. They were already part of the branch when she arrived. She 

shares the frustration of Jeff and Vic of the repeated need to convince others that 

their process can benefit them. It is a very political situation where many first 

think that the Reference Architecture effort is moving into their own area of 

responsibility. 

4. In conducting their work in Reference Architectures, how did they relate to the three 

mission areas of IBD, CCI and BI? 

They did work in all 3 areas as they have worked Force Basing implementations. 

These architectures have been use by the three trail bosses (one for each mission 

area) – current PMs who have been given authority through the Force Basing 

governance structure to lead and coordinate the efforts of various PMs managing 

individual Force Basing programs with their own established requirements. The 

Trail Bosses, with their own staffs from their own PM Offices, review the reference 

architectures and determine what systems/programs can use the architecture, what 

part of the architecture is relevant and for what periods of time those architectures 

should be used. As the use of the architectures is determined, the programs undergo 

a review process by a FB Council of Colonels (FB CoC).  

5. How specifically were the architectures used? 

Jeff: The Trail Boss, in coordination with the PMs of the component systems, could 

use the architecture to jump start the acquisition and design effort by finding parts of 
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the architecture that could be used. The Reference Architecture branch reviews 

requirements across programs. This leads to a reference architecture that determines 

recommended architectures and implementations for various requirement areas, and 

this leads to a larger SoS architecture. This goes to the Trail Boss who then analyzes 

the individual programs against the Reference Architecture. This leads to the Trail 

Boss implementing an Acquisition Strategy across programs. The Trail Boss is 

empowered to enforce this Acquisition Strategy on the individual programs by the 

Army Acquisition Executive (AAE).  

6. How is cost integrated into the development of the architecture? 

Jeff: Focus first is not on cost but on the approved requirements and capabilities 

needed for the Program of Record (PoR). Cost data is collected, and the reference 

architecture effort has collected a lot of cost data from various efforts. Cost is then 

used to form Candidate Capability Packages. These are possible implementation 

choices for the reference architecture where cost is used to make choices when 

decisions are needed between possible choices. 

7. Does the trail boss use cost to determine the Acquisition Strategy concerning what 

parts of the reference architecture to use  among the PoRs? 

Karen: Yes. Chart #22-23 of the Force Basing Overview presentation are examples 

of the use of the architectures and the analysis of cost that goes into deciding what of 

the architecture gets implemented.  

The Trail Boss will look at the current situation of a program, and assess what is not 

integrated but needs to be integrated. 
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8. How is cost estimated – team formation, methods, etc.? 

Jeff: The reference architecture effort has cost analysts who got cost data on systems, 

working with the Army Center for Cost Analysis. The ACCA certified the data. 
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Vic: Getting a good cost estimate requires socialization among customers to get 

support for what they want to field, i.e., what parts of the reference architecture 

should be implemented. 

For example, the kitting plan received TRADOC input on requirements and test 

criteria that would impact cost, and G-3 provided support in issuing requirements in 

line with the reference architecture and getting needed funding. In the Ft. Belvoir 

example, working with Ft Belvoir identified existing capabilities/materials available 

that could be reused. This resulted in a $32.9M saving. Additionally, working with 

Ft. Belvoir identified $44M in reference architecture capabilities not applicable to Ft. 

Belvoir. Overall, this resulted in the IBD effort going down from a $160.3M effort 

based on the reference architecture to $83.4M. 

Vic: Another key point is that once the reference architecture is established, do the 

analysis for a particular PoR is relatively quick. For example, the Ft. Belvoir analysis 

took only 3 days. 

9. Is the lesson learned that the reference architecture and cost data collection eases 

analysis and answering questions? 

Vic: Yes. 

10. What are the main take-aways you would want to see in the paper? 

Jeff:  

a. The reference architecture effort brings people together to get a common 

understanding of the needs of PoRs. 

b. Keep customers in the process, and this helps in understanding the problem up 

front very well. 

c. The main point is to help the Trail Boss to form an effective Acquisition 

Strategy. 

d. The team needed to do this was generally 5 core members with  3-8 more people 

consistently involved, and 20+ people that could be called upon as needed. 

Vic: Have people understand what a reference architecture is and how it helps 

program managers. Look at slides 5-7 of the FB Overview presentation. Overall, the 

reference architecture provides a template and an initial start of an implementation 

architecture/design to jump start analysis for a specific PoR, and it provides a broader 

context that includes different perspectives. 

Jeff: Reference architectures whittled down the number of material solutions to 

make better SoS solutions. It makes the problem easier to manage, although it does 

reduce choice. 
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Vic: Reference architectures need to be maintained, because of changes to needs and 

technology. As seen in the slides below (and reinforced by Jeff), the reference 

architecture effort supports the POM. Also, reference architectures are designed to 

support executable implementation architectures in the near term. That is what 

allows the Trail Boss to use the reference architecture to establish an executable 

Acquisition Strategy across multiple PoRs. 
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Appendix C. Force Basing Reference Architecture Development Process 

 

The Reference Architecture (RA) Development Process is a system of systems (SoS) 

engineering approach employing Development Planning (DP) principles and Model Based 

System Engineering (MBSE) techniques to reliably produce a RA that is well supported 

by analysis and ready for use by various customers.  See Figure 1, RA Development 

Process. This document discusses only the RA Design process which is comprised of:  RA 

Definition, Systems Data, Use Case Development, and RA Analysis and Design. 

 

Figure 1. RA Development Process 

 

A. RA Definition: Given the requirement for a RA, the RA Definition Process clearly 

defines the scope and the deliverables, builds the RA Development Team (RDT), 

identifies stakeholders, identifies authorative references, establishes Team schedule 

and battle rhythm, and produces several artifacts which the Team agrees represent 

the RA.  The process begins with a period of Mission Analysis and culminates in a 

formal Face-to-Face Kick-off week during which all RA Definition deliverables are 

vetted by the Team to include stakeholders. See Figure 2, RA Definition Flow Chart. 

1. Build RA Development Team (RDT): Assemble the core professionals who 

develop the RA to include a Team Lead, Lead System Engineer, Architect, 

System Data Manager, and Operational Subject Matter Expert(s) (SME(s)) plus 

operations analysts and a cost analyst matrixed to the Team.  This core Team is 

rounded out by the addition of various stakeholders. 

2. Define Deliverables: Leadership clearly defines the content of the RA and RA 

delivery date as the RDT is being assembled. In the charts that follow, 

deliverables that are outputs of processes are indicated by “D#”. 
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Figure 2. RA Definition Flow Chart 

 

3. Create RA Scope Artifacts: The RDT drafts the RA scope statement, logical 

system architecture (LSA) (the categories of systems in the RA), and context 

diagram (defines interactions between the RA and entities outside the RA). 

Output: D1 = Scope Statement, D2 = Logical System Architecture (LSA), and D3 

= Context Diagram 

4. Identify Stakeholders: Given the scope and LSA, identify organizations that 

produce requirements (Requirements Generators), provide systems (System 

Providers) or are parties interested in the RA scope (Interested Parties) and 

request their participation in the RA effort.  These are the stakeholders whose 

participation is essential for effective Development Planning. 

Output: D4 = Team List (RDT core personnel plus stakeholder representatives) 

5. Conduct RA Kick-off: The RA Kick-off is a leadership event that brings the 

RDT together for Team building, vetting of artifacts, solidification around the 

RA scope and familiarization with the RA development process.  Coming out of 

the Kick-off, all RA Definition deliverables are drafted and vetted with 

stakeholders resulting in agreement across the Team on terms, definitions and 

path forward. 

Output: D5 = List of Authoritative References, D6 = High Level Operational 

Graphic (OV-1), D7 = Overview and Summary Information (AV-1) and D8 = 

Vision (CV-1) artifacts. 

B. System Data: Given the scope and LSA, the RDT must catalogue all possible 

systems available to satisfy required capabilities within the system categories of the 

LSA.  The process starts with a blank spreadsheet or database and ends with the 
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largest set of possible systems and related data the Team can generate.  In the end, 

the system data includes disposition of every system and other notes pertinent to the 

system selection process and acquisition strategy. See Figure 3, System Data Flow 

Chart. 

1. Construct System Functional Decomposition (SV-4) (High Level): A high 

level set of system functions pertinent to the scope is created to map to systems 

and to operational activities to serve as the link between system functionality and 

operational activities (see SV-5a (Operational Activities to Systems Functions 

Matrix) in Use Case Development Process and Create Materiel Baseline in RA 

Analysis and Design).  The Joint Common System Function List (JCSFL) Level 

2 Function Groups are preferred for the high level SV-4 functions, but RDTs are 

not limited to that list.  Additional functions may be added, but must be at the 

appropriate high level.  The JCSFL is used to ensure maximum alignment with 

Joint personnel and systems. 

Output: D9 = System Function Decomposition (SV-4) (High Level)   

 

 

 Figure 3. System Data Flow Chart 

 

2. Determine System Data Sources: Leveraging SMEs and stakeholders, likely 

systems and system data sources are identified in preparation for the data call. 

3. Develop System Program Data Call Elements: In preparation for the data call, 

specific system program data are identified such as system name, functional 

description, owning Program Executive Office (PEO), technical readiness level 
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(TRL), fielding date, Point of Contact (POC) contact data, and cost POC contact 

data. 

4. Conduct System Program Data Call: Formal tasking channels are utilized to 

secure system program data from government system owners.  Should 

commercial system data be required, the RDT System Data Manager personally 

reaches out to appropriate companies for system data. 

5. Enter System Program Data: Data sources provide data that is collated into a 

combined spreadsheet or database.  The data sources also identify the functions 

(from the SV-4) that are performed by the system. 

6. Review Program Data Contents: Once received and collated, the data is 

checked for completeness. 

Output: IP1 = System data list or database suitable for determining Materiel 

Baseline (Portfolio) 

7. Request Missing Program Data: If received data is incomplete, the sending 

agency is contacted for correction.  When appropriate, POCs are contacted 

directly. 

8. Develop System Enhanced Data Call Elements: Enhanced data call elements  

includes performance specifics, Space, Weight, Power and Cooling (SWAP-C), 

official graphics, official picture, and cost data (that is collected separately by 

cost analysts). 

9. Conduct System Enhanced Data Call: Formal tasking channels are utilized to 

secure system enhanced data from government system owners.  Should 

commercial system data be required, the RDT System Data Manager personally 

reaches out to appropriate companies for system data.  

10. Enter System Enhanced Data: Data sources provide data that is collated into a 

combined spreadsheet or database.  Cost data is collected separate from other 

data and protected. 

11. Review System Data Contents: Once received and collated, the data is checked 

for completeness. 

12. Request Missing Enhanced Data: If received data is incomplete, the sending 

agency is contacted for correction.  When appropriate, POCs are contacted 

directly. 

13. Release System Data: When completed, the system data is provided by the 

System Data Manager to the RDT Lead for use in RA Analysis and Design. 

Output: IP2 = System data list or database suitable for RA Analysis and Design 

C. Use Case Development. The Use Case Development process includes Requirements 

Analysis, Operational Analysis and Use Case Preparation.  Use Cases are system 

agnostic vignettes selected in concert with Requirements Generators to expose 

required capabilities in an operational context.  When completed, the Requirements 
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Generators and the RDT core Team understand the restated required capabilities 

(RCs) and their prioritization; understand how the RCs manifest in operational 

context; and are all using the same language.  See Figure 4, Use Case Development 

Flow Chart. 

 

 Figure 4. Use Case Development Flow Chart 

 

1. Gather Authoritative References: Using the list of authoritative references, the 

RDT gathers those references from various authoritative sources.  These 

authoritative references are pertinent to both doctrine / Concept of Operations 

(CONOPS) and requirements. 

2. Choose Documents for Extraction: The authoritative references are screened 

for applicability to determine which are the ones containing required capabilities.  

These documents are placed into Dynamic Object-Oriented Requirements 

System (DOORS). 

3. Extract Required Capabilities: Using the DOORS tool, the required 

capabilities (RCs) are extracted, restated in canonical form and vetted with 

stakeholders.  When necessary, conflicting or similar RCs are normalized 

through negotiation with the Requirements Generators. 

Output: D10 = DOORS report of extracted RCs and D11 = RC traceability 

report 
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4. Refine Context Diagram: Given the authoritative references regarding 

CONOPS and doctrine, the context diagram is revisited to add new external 

influences and exchanges. 

Output: Refined Context Diagram 

5. Define Variants: When in an ill-defined or infinite problem space, create 

variants that represent specific problems within the problem space to which the 

RA applies.  Make each variant unique and create the number of variants needed 

to represent a significant amount of the problem space.  Minimize the number of 

variants used. 

Output: Variants used in RA design 

6. Develop States and Modes Diagrams: Deepen Team understanding of the 

variant bound problem space by developing States (Condition at a particular 

time), Transition (Criteria to change from one State to another), and Modes 

(Activity / Activities that applies to State) of the RA.  This step puts the 

operational space in engineering context, ensuring the discussion from operator 

to engineer remains consistent.  States and Modes drive some Use Case options. 

Output: D13 = RA States and Modes Diagrams with Transitions 

7. Conduct Threat / Impact Assessment: Identify and assess priority of 

perturbations to the RA.  These drive some Use Case(s) options. 

Output: D14 = RA Threat / Impact Assessment 

8. Prioritize Required Capabilities and Design Criteria: Once the RCs are 

extracted, restated and normalized, the Requirements Generators must prioritize 

them.  This is the first of six Quality Function Deployment (QFD) exercises 

pertinent to Capability Attribute Assessment (CAA) that drive the RDT toward 

design decisions in RA Analysis and Design (RAD).  Additionally, those RCs 

that cannot be rewritten as testable statements, may become design criteria. 

Output: D15 = Stakeholder Prioritized RCs and identified design criteria 

9. Identify Approved Operational Scenario: When constructing Use Cases, a 

high level operational scenario approved by the Requirements Generators should 

be used.  The RDT choses an approved scenario that fits the intent of the design 

space. 

Output: D16 = Approved Operational Scenario identified by Stakeholder 

10. Generate Operational Activities OV-5a: Operational activities are used in the 

Use Case process to express capabilities.  The operational activities can be 

gathered from doctrinal references, activities lists or even as the Use Cases are 

being constructed.  The OV-5a (Operational Activity Decomposition Tree) 

becomes a record of operational activities pertinent to the RA. 

Output: D17 = OV-5a (Operational Activities Tree) 
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11. Create Use Case Decision Matrix: The Use Case Decision Matrix maps RCs to 

candidate Use Cases.  Since Use Cases are resource consuming, the minimum 

number required to expose all the RCs in an operational context must be 

identified.  This is a creative step, but subject to negotiation with Requirements 

Generators as their priorities must be considered.  It is desired that all RCs be 

exposed in at least two Use Cases. 

Outputs: D19 = Use Case Decision Matrix with D20 = Prioritized Use Cases 

and QFD 2 

12. Create Activity to Function Matrix (SV-5a): The SV-5a (Operational Activity 

to Systems Function Traceability Matrix) maps the functions in the SV-4 to the 

operational activities in the OV-5a. During RA Analysis and Design, this 

mapping assists the Team in identifying functions pertinent to each Use Case 

activity and making it easier to search for systems with those functions. 

Output: D18 = SV-5a (Operational Activity to Systems Function Traceability 

Matrix) 

13. Create Use Cases: Use cases are a hybrid of text and model.  The Use Case 

format includes no specific systems (system agnostic) but instead emphasizes the 

activities required to complete a Use Case.  Models common to Use Cases are 

the OV-2 (Operational Resource Flow Description), OV-5b (Operational 

Activity Model) and the OV-3 (Operational Resource Flow Matrix) as pertinent 

to a problem. 

14. Conduct Use Case Review Panel: With Use Cases drafted, Requirements 

Generators return and review the RDT work.   

Output: Use Case corrections and QFD 3 

15. Prepare Use Cases for Stakeholder Review: Use Cases are corrected and sent 

to a wider set of stakeholders to review.  These corrected Use Cases are 

sufficient to begin RA Analysis and Design. 

Output: Use Cases for wider review and initial use in RA Analysis and Design 

16. Stakeholder Review of Use Cases: Stakeholders review the Use Cases and 

provide comments on a comment matrix.   

17. Adjudicate Stakeholder Comments: Upon receipt, the RDT assesses 

stakeholder comments for validity. 

18. Update Use Cases: Once all stakeholder comments are adjudicated, the 

necessary changes are made to the Use Cases and they are finalized.   

Output: D21 = Final version of Use Cases (with OV-2 & OV-5b) 

D. RA Analysis and Design (RAD).  RAD is the final step in the RA Design process.  

Here the System Data and the Use Cases come together with rigorous analysis to 
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determine the combination of systems that best satisfies the RCs.  See Figure 5, 

RAD Flow Chart. 

1. Plan RAD Activity: RAD is an intense period of analysis and design requiring 

detailed planning for all products to be delivered on time in quality condition.  

Also, System Providers play a large role in RAD, so their participation must be 

planned well.  If time is short, Face-to-Face meetings are required, necessitating 

increased planning and activity to prepare locations. 

2. Create Materiel Baseline (Portfolio): The Use Case activities are mapped to 

systems.  The systems are then assessed by System Providers for their 

appropriateness.  Those that are deemed inappropriate are moved and the 

remaining systems become the Materiel Baseline (MB) – all those systems that 

are appropriate for the scope of the RA.  This is also known as the Portfolio. 

Output: D23 = Materiel Baseline (Portfolio) 

 

 

Figure 5. RAD Flow Chart 

  

3. Update System Data: As the RAD process progresses, all information on 

systems is added to the system data list or database as a record of disposition for 

each system.   This update process is continuous and the updated system data 

with annotations is a deliverable. 

Output: D22 = Updated System Data 
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4. Conduct Cost Analysis: Once the Materiel Baseline is established, the cost 

analysts focus cost data gathering on this smaller group of systems.  As RAD 

progresses, the cost analysts track changes (additions and subtractions) to the 

Materiel Baseline.  Eventually, their analysis is available to assist in decision 

making and is incorporated in the report.  

Output: D26 = Cost Data and Analysis 

5. Create Candidate Capability Packages (CCPs): With the Materiel Baseline 

determined, the RDT then starts the process of selecting the subset of systems 

that best fulfills the RCs without “gold plating”.  These subsets – each of which 

must satisfy all the Use Cases – are called Candidate Capability Packages 

(CCPs).  Each CCP is time stamped, i.e., the CCP and its reference architecture 

are prepared for a particular implementation or fielding date such as FY16.  The 

next objective of RAD is to select the best / recommended CCP. 

Output: D24 = List of CCPs 

6. Conduct Exhaustive Review of System Data: The system data is then 

evaluated to ensure each system has been considered and either added to the 

Materiel Baseline or rejected.  As systems are added, they are incorporated into a 

CCP.  These systems are often not required by a Use Case but are non-the-less 

necessary for the problem space to be considered adequate.  At this point, QFD 4 

is completed in preparation for the next step. 

7. Conduct Capability Attribute Assessment (CAA): CAA provides a qualitative 

measure of each CCP’s capability against the RCs.  Though some quantitative 

data may exist to aid in scoring the CCPs, most data is qualitative.  This analysis 

completes QFD 5 and results in a hierarchy of CCPs based upon their degree of 

satisfying RCs in the context of the Use Cases.  In addition, the scoring also 

identifies those capabilities that are not addressed completely by a CCP.  The 

inadequacy is called a “shortfall”.  

Output: D25 = Scored CCPs with Identified Shortfalls 

8. Identify Top-Performing CCPs: This step is reasonably straight forward - the 

RDT lead must choose the CCPs that performed the best in the CAA scoring.  

These CCPs are then subjected to sensitivity analysis to ensure the rank order is 

not spurious. Though at least three CCPs should be selected, more may be 

selected with justification.   During this step, QFD 6 is completed. 

9. Determine System Quantities: The top-performing CCPs are then assessed to 

determine the quantities of each system for each of the variants identified during 

operational analysis.  Quantities may vary between CCPs and that could have an 

impact on cost analysis.  In addition, scaling between variants minimizes the 

number of systems to manage for all variants, but some systems may not scale or 

be appropriate for certain variants, so some substitution from the Materiel 

Baseline may be required to meet RCs for those variants.  



 

162 
 

10. Determine Recommended CCP: Given the scoring of the CCPs, the sensitivity 

analysis and the cost analysis based upon the system quantities, the RDT lead 

decides which CCP is the best choice to recommend for the RA.  This decision is 

based on best performance against the RCs with cost data provided for 

information.  If a cost ceiling is established, that ceiling influences this decision.  

The recommended CCP is known as FYXXCP where the XX is the year of 

fielding. 

Output: D27 = Recommended CCP with system quantities for all variants and 

cost data / analysis (FYXXCP) 

11. Complete DoDAF Viewpoints: Given the CCP decision, system viewpoints 

(SV-1, Systems Interface Description, and / or SV-2, Systems Resource Flow 

Descriptions) and standard viewpoint StdV-1 (Standards Profile) are completed 

and added to the package of system architecture viewpoints. 

Output: D28 = Completed System Architecture viewpoints pertinent to the 

Selected / Recommended CCP 

12. Recommend Basis of Issue Plan: The RDT discusses the CCP and, with all 

stakeholders, renders a recommended Basis of Issue Plan (BOIP) for the CCP.  

The allocation of the CCP (with quantities) to Modification Table of 

Organization and Equipment (MTOE), Theater Provided Equipment (TPE), 

training centers, etc., is recommended. 

Output: D29 = BOIP 

13. Conduct RA Assessment: The Team discusses and captures facts about systems 

in terms of schedule, cost, technical and program data that the Team considers 

important for the Trail Boss to know.  This assessment is just on the CCP 

systems and comes mainly from notes in the System Data list or database kept 

throughout the process. 

Output: D30 = RA Assessment (Recommended CCP) 

14. Identify Potential Capability Improvement Proposals (CIPs) and Science 

and Technology (S&T) Opportunities: The shortfalls that are pertinent to the 

recommended CCP are reviewed for the Team to identify and recommend 

potential short term mitigating ideas or recommendations that could, given 

funding, improve CCP CAA score.  Since improving the score means increased 

performance against the RCs, funding for these ideas may be supported.  S&T 

opportunities are assessed and inform the S&T Program Objective Memorandum 

(POM).  System improvements that increase capability (CIPs) are recommended 

to the Trail Boss. 

Output: D31 = Recommended S&T and CIP Opportunities Associated with 

Identified Shortfalls 
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15. Develop Trail Boss Briefing: All deliverables are assembled into a single 

briefing for the Trail Boss.  This briefing is reviewed by the RDT higher 

headquarters elements prior to release. 

Output: D32 = Trail Boss briefing 

16. Brief Trail Boss: The Trail Boss is briefed. 

17. Develop Written Report: The RDT RA Design effort is reported in writing and 

signed by the Executive for System of Systems Engineering and Integration 

(SOSE&I). 

Output: D33 = Signed written report  

18. Verification and Validation (V&V) of Operational Architecture: The RDT 

initiates V&V of its Operational Architecture by the appropriate authority. 

Output: D34 = V&V report(s) for Operational Architecture and Analysis 

19. Verification and Validation (V&V) of System Architecture: The RDT 

initiates V&V of its System Architecture by the appropriate authority. 

Output: D35 = V&V report(s) for System Architecture and Analysis  
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Appendix D. ACV Capability List 
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