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 Abstract of Dissertation 

 

Designing Complex Adaptive Systems Using a Stakeholder-Driven and Goal-

Focused Framework 

 

 Complex Adaptive Systems (CAS) exhibit emergent behaviors produced by non-

linear actions amongst individual agents within the system and their environment.  These 

emergent behaviors are difficult to anticipate and measure making it very challenging to 

initially design from the start.  Developing CASs, such as an autonomous swarming 

unmanned system, is a relevant key task today for solving hard problems with limited 

resources in a demanding economy.   Swarming unmanned systems are valued by their 

unique capabilities, but how do stakeholders ensure their needs are considered during 

development?   Certain stakeholders have interests that go beyond the initial delivery of 

the system, yet developers seem to focus efforts on designing autonomous behaviors to 

satisfy immediate mission needs.  To close this gap, a stakeholder-focused framework for 

evaluating CASs over a full system lifecycle for swarming unmanned systems is 

developed and described throughout this research.  A Goal Oriented Requirements 

Engineering (GORE) modeling methodology, KAOS (Knowledge Acquisition in 

AutOmated Specification), is used to map requirements between stakeholder goals and 

autonomous behaviors.  Behaviors are analyzed in an agent-based simulation using 

NetLogo for quantifying stakeholder driven performance qualities (-ilities).  A case study 

was performed for a swarm of unmanned surface vessels called wave gliders to evaluate 

performance over the operational life.  Results showed that there is a significant 

difference in system performance due to the environment and general differences in 

performance due to changing physical design parameters and autonomous behaviors.  
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Chapter 1 - Introduction 

 

The world’s problems are becoming increasingly complex every second, and 

organizations are looking for innovative ways to solve them using new technology and 

solutions.  Of such solutions, autonomous unmanned systems have been an area of 

interest for various industries that show promise for the future.  Space exploration, aerial 

surveillance, underwater operations, and traffic congestion challenges can be approached 

by implementing autonomous unmanned systems since the autonomy is independent of 

any specific domain (Stewart, 1999; Mushet, 2014).  Autonomous unmanned systems can 

handle problems such as changing environmental conditions, navigating unexplored 

terrains, reaching uninhabitable places, and becoming force multipliers for human 

operators (Pettinaro, 2004).  For man to explore the unknown, handle natural disasters, 

and go where humans can’t physically survive, autonomous unmanned systems can 

provide significant improvements to these desired operator capabilities. 

1.1 Problem Statement 

 

Complex systems are difficult to design due to the unexpected behavior resulting 

from the numerous connections between components, yet many organizations are 

beginning to develop these systems because of their utility.  Analyzing, quantifying and 

verifying unexpected behavior is quite the challenge in a traditional engineering 

environment where verification and validation rely on expected and repeatable results.  

To be more specific, swarms are composed of multiple individual agents that exhibit 

local interactions between other agents and their surrounding environments (Peña, 2011).  

Swarming intelligence is a form of autonomy used with a large fleet of swarming 
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unmanned systems to form a larger Complex Adaptive System (CAS).  These systems 

exhibit global emergent behaviors from local interactions between agents within the 

system as depicted in Figure 1-1 (Hawryszkiewycz, 2009).  The emergent behaviors 

result in a global system behavior that acts on the surrounding environment, then the 

environment imparts dynamic changes in the form of disturbances that feedback to the 

system.  Due to the complexity of the non-linear interactions, it is extremely difficult to 

understand and predict CAS behavior while ensuring repeatability and validity of the 

system design.  When combining the unpredictability of a CAS operating in a dynamic 

environment with numerous unknown disturbances, the overall system implementation 

becomes difficult to evaluate, particularly over the system operational life.  Koopman and 

Wagner comment on these challenges when assessing autonomous vehicle performance 

as they approach large-scale operations (Koopman, 2016).  Stakeholders interested in 

CASs want to know how well they perform in advance over time to understand risks 

involved when faced with key design decisions under limited time and funding. 

 

Figure 1-1 Complex Adaptive System Description 

1.2 Background and Significance  
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The INCOSE vision 2025 recognizes performance uncertainty as a key challenge 

for the future since the current state of complex systems understanding is limited, and at 

the same time, the trend for stakeholders demanding more capability from complex 

systems is increasing (INCOSE Vision 2025).  Implementing increasingly complex 

systems without the proper expectations can lead to undesirable performance in the 

operating environment throughout the system lifecycle.  These systems also involve a 

larger number of stakeholders that must have their viewpoints, concerns, and goals 

clearly identified and incorporated into the design.  Stakeholder desires need to be 

carefully understood, documented, and implemented via clear requirements for 

developing the appropriate autonomous behaviors within the system.  However, 

Thronesbery emphasizes that software requirements are not always written in a clear and 

concise manner for designing success criteria (Thronesbery, 2017).  There is not a 

significant body of literature dedicated to solving this problem.  Integrating stakeholder 

needs into the system requires a structured process to facilitate proper traceability of 

requirements for efficient system design. This research focuses on defining a framework 

to support the process that assist developers with designing the right autonomous 

behaviors while analyzing them in a systematic way.  Since CASs are a subset of 

complex systems and share similar attributes, this framework is provided to enable 

guidance for the challenges above.     

1.3 The Framework 

 

This research describes a process depicted in a general framework for using 

Knowledge Acquisition in AutOmated Specification (KAOS) goal modeling 

methodology coupled with agent-based simulation to help stakeholders identify the 
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appropriate evaluation criteria from desired system qualities, known as the “-ilities”.  

This research will cover the system qualities such as affordability, usability, flexibility, 

maintainability and survivability covered in a case study involving swarming unmanned 

surface vessels, and these were chosen specifically for the type of stakeholders involved 

in producing, maintain, operating, regulating and funding such systems.  Simultaneously, 

it also provides a structured approach for mapping desired autonomous behaviors to the 

desired CAS qualities.  Figure 1-2 represents a general framework for combining the 

various concepts above for evaluating CAS behavioral performance over the lifecycle of 

a swarming unmanned system.   

 

Figure 1-2 General Framework for Evaluating -ilities of CAS 

The framework starts with identifying key stakeholders and their desirable system 

qualities that benefit them throughout the entire system lifecycle.  This step explicitly 

identifies each stakeholders’ expectations and helps guide the evaluation criteria needed 

for comparison and analysis.  Next, KAOS goal modeling is used to map the desired 

system qualities and expectations to detailed specific software requirements for building 

a simulation necessary to execute the criteria.   This step involves eliciting knowledge 
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about the system lifecycle operations, responsibilities and key actors to ensure the 

simulation is refined enough to evaluate stakeholder needs.   

The third step involves developing a simulation from the requirements elicited in 

the previous goal modeling process.  Simulations capture the dynamics of various 

autonomous behaviors in CASs, and they can provide data outputs for analysis and 

processing.  Since CASs exhibit non-linear and emergent behaviors, simulations are the 

ideal choice for capturing such complexities (Fatima, 2015).  As noted in Figure 1-2, 

Steps One through Three must all occur in order to quantify CAS performance before 

moving to the last step.  These steps represent the core processes necessary to eventually 

evaluate CAS performance.  Finally, the fourth step involves evaluating CAS 

performance by setting up a Design of Experiments (DOE) to guide all simulation runs 

and ensure that most of the design space and behavior space is explored. Simulation 

output data is used to evaluate CAS performance by either simply averaging performance 

output or conducting statistical testing to identify differences in performance distribution 

over multiple runs.  It finalizes the process for evaluating the -ilities of autonomous 

behaviors in CASs based on the previous steps within the framework.     

The framework is presented to support the development and analysis of 

autonomous behaviors for swarming unmanned systems as CASs.  Ideally, since these 

systems encompass individual robots working together to achieve higher-level goals 

focused on mission objectives through emergent behavior, this framework can support 

the evaluation of how well these goals, specifically related to non-functional requirement 

qualities are achieved.  An example goal might be that a system must provide a certain 

amount of area coverage in a geographical region, but “how well” a system does that may 
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depend on how quickly, efficiently or safely will the system perform to meet that goal.  

These -ilities represent the quality of service that a swarming unmanned system provides 

to all stakeholders.  To illustrate how the framework is applied, a case study involving a 

fleet of autonomous unmanned surface vehicles, known as wave gliders, was modeled in 

NetLogo to help illustrate performance differences.  The DOE process was performed on 

multiple simulation runs to illustrate the differences in –ilities performance between 

environments, design parameters, and autonomous behavioral algorithms throughout the 

system lifecycle.   

1.4 Research Questions and Objectives 

 

 Although this research focuses on analyzing autonomous behaviors in CASs, 

there are other factors that impact their behavior related to the operating environment and 

physical design parameters of agents in the system.  Understanding how each element 

plays a role in system design and user interaction is important for predicting behavior in 

CASs.  Research questions specifically driving this research are: 

1. RQ1 - Will autonomous algorithms impact CAS performance? 

2. RQ2 - Can performance be quantified relative to the -ilities? 

3. RQ3 - Will environmental disturbances such as ocean currents significantly 

impact system performance? 

4. RQ4 - Do specific design parameters impact system performance? 

From these questions, general Research Objectives (RO) are formulated to guide and 

facilitate the effective application of the proposed framework to the selected case study.  

These objectives include RO1 - analyzing particular autonomous algorithms and how 
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they can change performance of the CAS, RO2 - identifying criteria to carefully measure 

and quantify system performance, RO3 - analyzing the system in various environments, 

and RO4 - altering various design parameters to understand performance changes.  The 

end goal involves developing a general understanding of the various trades, design 

principles, and traceability strategies needed to show stakeholders how such systems 

theoretically would perform over a specific timeline while also adding to the body of 

knowledge for dissecting CASs in more detail.   

1.5 Dissertation Structure 

 

This dissertation is divided into five chapters.  Chapter 1 introduces the problem 

and briefly discusses the framework proposed by this research.  Chapter 2 contains a 

literature review of the major elements within the framework that highlights relevant 

concepts and key researchers necessary to thread the framework together.  Chapter 3 

explains the methodology of the framework with an emphasis on defining stakeholder 

types needed for the case study.  Chapter 4 discusses how the case study simulation 

experiments were executed as well as the data analysis necessary for processing results.  

Finally, Chapter 5 contains discussions about the results and what they possibly mean as 

well as the conclusions and opportunities for future work.  
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Chapter 2 - Literature Review 

 

 This chapter reviews the literature necessary to support rationale for pursuing 

research questions of interest and to illustrate what has been done so far within the 

research community.  Four major sections are covered to provide context for the 

proposed framework.  It starts with an overview of CASs followed by the qualities that 

are needed to evaluate them within the context of the exercised case study.  Then, the 

chapter covers a GORE methodology to ensure necessary features are captured in the 

appropriate simulation to evaluate CASs.  Lastly, the chapter covers evaluation 

techniques focused on agent-based modeling simulations used to evaluate CAS 

behaviors. 

2.1 Complex Adaptive Systems 

 

 Complex Adaptive Systems are fascinating systems with the potential to solve 

increasingly complex problems today and in our future.  These systems have been 

discussed since the 90’s, yet there has been an increasing interest in them over the years 

due to the exponential growth of technology.  Specifically, the development of computers 

and sophisticated software programs are enabling the research community to dive deep 

into the intricacies and complexities of these systems from a bottom-up approach.  When 

approaching the era of big data, supercomputers and artificial intelligence, methodologies 

and practices must be in place to properly give mankind a way to either develop these 

systems to perfection, or develop their components well enough such that they behave in 

a way to evolve themselves into the appropriate system in need. 

2.1.1 Complex Systems  
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 This work focuses on analyzing swarming unmanned systems from a CAS 

perspective.  CAS should be understood as a subset of complex systems.  The literature 

contains a variety of definitions for complex systems, and there has not been a 

universally accepted definition to date (Surana, 2005).  In general, complex systems are 

composed of multiple individual components interacting with each other and their 

environment resulting in macro-level emergent behavior with no central controlling entity 

(Mitchell, 2006).  These systems are found in nature as nervous systems, ecologies, 

immune systems and insect colonies (Surana, 2005) as well as in manmade systems such 

as electrical power grids, the economy and the World Wide Web (Ottino, 2004).  Both 

natural and manmade systems share the important attributes that group them into 

complex systems: self-organization and the ability to exhibit emergence (Ottino, 2004; 

Minai, 2006).   

 As the complex systems community began to realize similar properties (such as 

increased connectivity and emergent behavior) between natural and manmade complex 

systems, researchers started investing time and energy in understanding how to engineer 

complex systems.  The interesting thing about man-made complex systems mentioned 

earlier is that they were built and constructed without the intent of being a complex 

system, but rather, their post-connectivity enabled them to become identified as complex 

systems. Engineers primarily focused on developing specific components within man-

made systems before connections were made because typical engineering practice is to 

design to repeatable and predictable solutions (Ottino, 2004).  Developing a system using 

repeatable and predictable solutions is seen as a top-down approach for building systems 

and is commonly observed in the classical engineering process (Minai, 2006).   This top-
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down approach refers to one planning the design specifics of a system with a way to 

analyze its performance and behavior with structured tools proven in the field.  However, 

complex systems exhibit emergent behavior that is not predictable, and understanding 

these systems involves truly understanding their complexity from the start. 

 The previous properties discussed, specifically emergence, that join natural 

complex systems with manmade complex systems are the same properties that make 

them difficult to design.  Specifically, emergence is one property that can cause 

unanticipated effects that lead to failures (Bar-Yam, 2003).  The more complex a system 

becomes, that harder it is to keep track of the interdependent subsystems and components 

that work together to develop these emergent and unpredictable behaviors (Bar-Yam, 

2003).  As briefly mentioned earlier, engineers can look for inspiration in understanding 

complexity within complex systems by observing and analyzing natural complex system 

patterns and behaviors as well as learning from the social sciences community (Ottino, 

2004).  In addition, complexity resulting from highly connected systems is not new since 

engineers have embraced it before by adding layers of abstraction, modularity and 

hierarchy process, however, the interdependency becomes so much that abstraction is not 

enough. Systems are becoming larger and increasingly diverse making it harder to 

abstract away the relationships among parts.  Since complex systems exhibit emergent 

behavior that can be unpredictable, a new paradigm shift in engineering was necessary to 

tackle these new challenges in developing manmade complex systems from the ground 

up.  The next section will cover the newer shift toward developing complex engineered 

systems as a first attempt. 
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2.1.2 Complex Engineered Systems  

 

Calvano recognized in the 2000’s that the world was becoming more and more 

connected due to technology, and while making the analogy that connectivity is related to 

complexity, introduced the concept of Complex Engineered Systems (CES) (Calvano, 

2004).  This category of complex systems focuses on using the manmade complex system 

properties discussed earlier, but more from the planned perspective in a sense that they 

are designed to have repeatable performance within their operational life.  Calvano 

stresses that engineers must understand complexity and find a way to quantify it properly 

in order to develop CES safely and efficiently (Calvano, 2004).  Minai suggests that these 

systems will be necessary to solve complex problems involving systems related to real-

time decision support and communications and control.  They generally will need to be 

capable of adapting to the unknown, expect the unexpected and contain redundancy and 

degeneracy at multiple levels within their structure.  The traditional engineering approach 

to developing a predictable and highly validated and verified CES will not work since 

planning for a specific engineering solution response cannot support all the anticipated 

possibilities of a CES operating in an unknown environment (Minai, 2006).  To 

complicate the problem further, another category of complex systems involving system 

properties related to self-learning and evolving thwart development tasks even further. 

2.1.3 Complex Adaptive Systems Principles and Features 

 

A CAS is another category within complex systems that possess all the properties 

discussed above, but additionally, contain properties related to learning and evolving.  

Like complex systems, there isn’t a definitive description of CASs such that it is 
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universally accepted by the community.  Holland presents general attributes for CASs as 

complex systems as the ability to evolve, aggregate behavior and anticipate (Holland, 

1992).  Two of these three principles seem to extend the general concept of complex 

systems.  Evolution enables each single and simple entity to change its state by learning 

or updating its rules, while anticipation involves entities moving in their environment 

according to specific gradients, or influences, within these interactions (Holland, 1992).  

Both principles appear to support emergent behavior that lead to anticipated and 

unexpected results that sometimes depend on the environmental interactions more so than 

the inter-agent within.  Aggregate behavior involves combining behaviors from entities 

into the behavior of newer entities (Holland, 1992).  Entities can do this both in a 

biological system via reproduction or in an engineered autonomous system by passing 

local autonomous behavior rule priorities depending on the environment through short-

range communications.        

Simon Levin also contributes to this body of knowledge by viewing CASs from 

an ecology point of view.  He stresses that there are three principles distinguishing CASs 

from other systems (Levin, 2002): 

1. Diversity and individuality of components 

2. Localized interactions among those components 

3. An autonomous process that uses outcomes of interactions to select 

components for replication or enhancement 

These principles are similar, although slightly different, to Holland’s principles.  

Diversity and individuality of components appears to be an important feature that stands 



 

13 

 

out as different than what Holland identifies because it focuses on identifying the entity 

types.  Localized interactions among components appears to apply to all three of the 

principles identified by Holland (evolution, aggregate behavior, and anticipation) because 

you cannot have Holland’s principles without any sort of local interaction.  The final 

principle by Levin is assumed to map to evolution and aggregate behavior since it is an 

automated way to execute evolution and aggregate behavior from an engineered systems 

point of view to a biological or ecological point of view.     

 The CAS framework has been used to characterize highly connected systems such 

as complicated supply chains involving people, processes, and machines as well as 

complicated networks.  Surana’s definition of a CAS from a supply chain network 

perspective is “A CAS can be considered as a network of dynamical elements where the 

states of both the nodes and edges can change, and the topology of the network itself 

evolves in time in a nonlinear and heterogeneous fashion” (Surana, 2005).  This 

definition captures many of the principles of CASs from Holland and Levin as it focuses 

on how connections and entities can change.  Surana continues to highlight a key 

component of CASs in that they tend to accommodate living beings and they can also be 

emulated with various artificial systems since they can evolve using their autonomous 

rules (Surana, 2005).  As the applications within CAS focus on the network perspective, 

Mitchell has provided four principles of adaptive information processing in these 

decentralized systems (Mitchell, 2006): 

1. Global information is represented as statistics and dynamics of patterns of system 

components 

2. Randomness and probabilities are essential 
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3. The system carries out a fine-grained, parallel search of possibilities 

4. The system exhibits a continual interplay of bottom-up and top-down processes 

These principles highlight the fact that these systems are noisy and in a continuous state 

of flux such that they are not always optimized like engineered systems (Holland, 1992).  

System characteristics containing elements related to probabilities, dynamics and parallel 

paths represent noise in these systems since there is not one unique, repeatable 

performance mode. The fourth principle brings up an interesting and insightful process 

where, as mentioned before, engineers can develop the components within a CAS, which 

represents the top-down engineering process, but then the bottom-up process must foster 

the design that enables adaptability of these systems into their environment.  

2.1.4 Swarms as Complex Adaptive Systems 

 

 Swarming unmanned systems are becoming more popular and relevant today, but 

the idea of using them in sophisticated applications were investigated over 20 years ago.  

These systems can be used in any domain, whether it be land, air, sea or space, since their 

principles rely on short-range communications and sensing techniques to develop shared 

models amongst the swarm population.  The challenge becomes relevant when these 

systems need to operate autonomously over longer periods without human intervention 

and with no central authority.  This is where the idea of applying a CAS approach can be 

helpful to assist developers in understanding emergent behaviors in an evolving system in 

the operational stage.  As mentioned before in section 2.1.3, these systems must expect 

the unexpected and adapt to their environments.   
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 In the 90’s, swarming unmanned systems were proposed for achieving missions 

related to field measurements and signal intelligence using mobile agents to coordinate 

data collection and processing within a changing, hostile environment (Cameron, 1999).  

These agents are required to adapt and learn within the environment to optimize 

themselves into a configuration that is best for the mission since other methods involving 

stand-off remote sensing are often unreasonable and hard to characterize (Cameron, 

1999).   By utilizing mobile unmanned systems within the operational area, enhanced 

capability is achieved while reducing risk to the operators.  NASA described a new 

millennium mission class in the 2000’s called “nanoswarm” that focuses on producing 

hundreds of small, intelligent space crafts that were to explore the solar system by 

carefully coordinating data collection to support various missions.  These systems would 

exhibit for main properties: self-healing, self-configuring, self-optimizing and self-

protecting (Truszkowski, 2004).  Notice that these properties are very similar to the 

properties described by the shared principles within the CAS community, and these 

systems are going places beyond the limits of humans where they will need to coordinate 

independently without a central controller.   Autonomous land vehicles are used in 

cooperation to execute tasks related to foraging resources (Castello, 2016).  These 

vehicles could extend foraging tasks to other tasks that are relevant for scenarios where 

other ground type functions are necessary but complicated.  The important next steps for 

the community are to truly understand these systems for improving their designs and 

measuring their effectiveness in a systematic way. 

2.1.5 Understanding Complex Adaptive Systems and Related Work  
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Since CASs possess principles that focus on evolution, change, and improvements 

over time, one can imagine the difficulties in developing, testing, or even evaluating these 

systems.  The concept of evolutionary dynamics, which describes how agents change 

over time, exacerbates the problem of predicting emergent behavior (Levin, 2002).  

Complexity in general is about adapting whereas engineering is about purpose, therefore 

these two concepts clash when developers try to analyze and characterize these systems 

(Ottino, 2004).  Many research challenges lie ahead for the community to acquire a grasp 

for designing these systems.   These challenges involve configuring viable configuration 

spaces to support optimal performance, acquiring specific macro-functionality from 

micro-processes, and defining both functional and non-functional performance metrics 

for these systems (Minai, 2006).  There are even more challenges in analyzing these 

systems beyond just defining and designing them for satisfying stakeholders. 

Holland pointed out that the experimental part of studying CASs is essential since 

these systems do not operate at equilibrium and are constantly undergoing improvements 

and design changes.  Additionally, for the entire community to advance research further, 

experiments need to be conducted to inform theory, but there is a challenge nailing down 

theory to start with these systems requiring new mathematical frameworks to handle 

(Holland, 1992). Large-scale simulations are also hard to analyze and introduce newer 

computational and statistical challenges (Surana, 2005).  These challenges all provide 

opportunities for researchers to contribute and grow the body of knowledge supporting 

CAS understanding, and there are various works attempting to achieve this throughout 

the literature. 
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CASs are not very well understood and provide researchers with significant 

opportunities for concept exploration and behavior definition.  Young’s research 

addresses the challenge of test and evaluation of autonomous ground vehicles by 

predicting their performance over various terrains and disturbances (Young, 2016).  The 

model developed in this work was used to predict the performance of a ground vehicle in 

a unique environment, but it did not extend to multiple agents working together in a 

swarm as a CAS.  System qualities, such as resilience, are conceptualized and simulated 

in the work from Pumpuni-Lenss, where a combination of network analysis and agent-

based modeling were used to assess the performance of a CAS after simulated 

disturbances (Pumpuni-Lenss, 2017).  Their goal was to measure the performance of such 

affects to help understand the emergent behavior for strategic system implementation by 

the stakeholders.  This resilience study is beneficial to the community, but it only focuses 

on resilience and does not cover other unique qualities of swarming unmanned systems 

that execute competing goals.  Swarming robot concepts were modeled and evaluated in 

the work from Jevtic, specifically to analyze a bee algorithm for task allocation (Jevtic, 

2011).  Scalability, in terms of robot swarm size, and adaptability, in adapting to various 

target qualities with a non-uniform distribution, were the primary goals of the simulation 

while adjusting control parameters for the swarm.  While the simulation provided results 

specific to the proposed algorithm, performance qualities, and a performance metric 

defined as the mean absolute error of robot distribution, it did not evaluate different 

behaviors amongst competing qualities over a longer duration representative of the 

system’s operation life while considering multiple missions.    
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There are plenty of opportunities to push this research further.  Developing a 

holistic framework to analyze CASs over throughout the systems operational life is a 

critical need identified by many researchers.  The proposed framework serves to support 

various CASs within their applications and industries.  It is a way to systematically bring 

stakeholder needs into a computational tool for evaluation against agreed upon metrics.  

Metrics are a key component of the framework to be discussed.  Mission performance 

metrics are easier to define than quality metrics since a mission is generally well defined 

and understood before the development stage begins, yet quality metrics related to system 

attributes are typically overlooked and harder to define during development stages of 

engineering systems.  There must be an attempt to achieve stakeholder concurrence 

within the system of interest on what specific qualities mean within the eyes of each 

stakeholder for proper evaluation and comparison.  The next section within this chapter 

will highlight the needs, challenges and existing approaches for attempting such an 

endeavor.  

2.2 Defining the -ilities 

 

 The -ilities are an abbreviated term for system qualities that stakeholders ideally 

want within a system that benefits their interest.  These are generally separate then 

specific mission or functional objectives that relate the system to its main application.  

They tend to focus on “how well” a system performs rather than if they satisfied 

functional performance.  Qualities such as maintainability, availability, reliability, 

flexibility and adaptability are all just a few examples of the -ilities that are known to 

elicit quality of service type needs.  Unfortunately, these –ilities and definitions are 

typically not agreed upon or prioritized universally by all stakeholders.  Since large 
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systems can perform multiple functions throughout their operational life and involve 

numerous stakeholders, it is important to achieve a common understanding of the -ilities 

within system context so everyone can analyze and achieve agreement on overall system 

performance requirements and measures.  One of the major contributors to this body of 

knowledge is Adam Ross from the Massachusetts Institute of Technology as he has 

numerous works of literature referenced throughout this section.  He and his colleagues 

have provided helpful research questions and directions for today’s challenges that seem 

to be more relevant as systems become increasingly complex due to their connectivity 

and multi-stakeholder involvement.       

2.2.1 -ilities Overview within System Context 

 

The literature review of specific -ilities were chosen from common stakeholders 

in a case study such that it illustrates reasonable trades between the primary players.  This 

case study focuses on swarming unmanned surface vessels operating in various ocean 

environments while accomplishing multiple, concurrent missions.  The stakeholders 

involved in this case study, to be discussed in Chapter 3, focus on affordability, 

flexibility, maintainability, survivability and usability, and these –ilities were also 

evaluated within the case study.  A literature review is conducted on these -ilities to 

provide additional background for understanding the context to which they are being 

applied within the framework. 

2.2.2 Affordability 

 

 Affordability is a quality that generally most stakeholders understand in some 

form on a high, yet basic level.  Most people think immediately of cost as a primary 
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metric, and they may assert that reducing cost is the best way to produce an affordable 

system.  The important thing to understand is that affordability is more than just reducing 

cost within the system.  From a Department of Defense system acquisition perspective, 

affordability involves strategic planning and decision making that involves efficient use 

of funds while balancing other objectives and constraints throughout the entire lifecycle 

(DoD Acquisition, 2015).  In order to support such a paradigm, program management and 

acquisition types must work together to set processes and procedures in place that 

optimize government funds.  Failure to incorporate affordability in this way can lead to 

multibillion-dollar programs that fail to deliver value either before or after they are 

delivered (DoD Acquisition, 2015). 

 NASA is one agency that was questioned in the past about their ability to deliver 

programs in an affordable way.  Specifically, the United States Government 

Accountability Office (USGAO) produced reports citing how NASA underestimated the 

costs of various programs by conducting insufficient definition studies, experiencing 

program and funding instability, having overly optimistic program officials and 

unrealistic contractor estimates (USGAO, 1992).  These reasons may have caused a lot of 

instability during their efforts; however, they did not have the structure in place to 

adequately handle these uncertainties.  The USGAO came out with another report stating 

that NASA didn’t even have a financial management system to help with the cost 

estimating process, and they provided a spectrum of recommendations to improve their 

acquisition structure (USGAO, 2004).  An affordability framework was needed to 

provide the checks and balances of the competing performance requirements, constraints 

and changing stakeholder needs.  One of those processes focuses on conducting 



 

21 

 

affordability analysis to help reduce the uncertainties of large engineering projects 

involving complex systems. 

 Affordability analysis goes beyond conducting a simple cost estimate because it 

forces the estimators to understand the system.  The DoD stresses how affordability 

analysis must be handled early in the program planning process to ensure performance 

requirements, prioritization and cost trades are done as early as possible (DoD 

Acquisition, 2015).   These are not cost estimates, nor should they be for reducing cost, 

and they should be used as a bottom up process to help forecast what the cost would be 

(DoD Acquisition, 2015).  Affordability analysis can be challenging for programs in 

general, and Kroshl identifies two different types of affordability analysis that can be 

done for high-risk agencies like the Defense Advanced Research Projects Agency 

(DARPA): interval cost estimation and life-cycle cost analysis (Kroshl, 2000).  These 

processes use stochastic methods to transform subject matter expert input for the desired 

system of interest both at the start and throughout the entire system lifecycle (Kroshl, 

2000).  When the problem space is so complex that uncertainty is large, it helps to have 

processes to bound the problem and conduct trade studies early to enable stakeholders to 

prioritize resources.  This begins to point at the definition of affordability, although like 

the rest of these -ilities, there are varying views on how to exactly define it since different 

entities have different views. 

 Two different organizations have their own definition of affordability according 

to Emmons.  Program affordability is defined by the DoD as “the degree to which the 

life-cycle cost of an acquisition program is in consonance with the long-range investment 

and force structure plans” whereas NASA defines it as “developing a long-term strategy 
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that will meet critical objectives while remaining within NASA’s budget”.  Both 

definitions call out the need to consider longer term needs when funding is discussed, but 

the DoD specifically calls out lifecycle costs and long-term investments which is very 

specific compared to the general strategy and objectives called out by NASA.  One may 

argue that the DoD definition focuses using funds in an effective way, even if the cost is 

high, but NASA focuses on minimizing costs.  Life-cycle costs are important to consider 

because it forces the organization to think about all phases of the system from 

development to disposal, and it helps explore processes that might not be captured in a 

high-level strategy.   

 Wu and Ross highlight a definition of affordability that combines the two ideas 

from NASA and the DoD into a general statement.  They state that affordability is “the 

property of becoming or remaining feasible relative to resource needs and resource 

constraints over time” (Wu, 2014).  The key point here is the time aspect of remaining 

affordable, and that speaks to the life-cycle component mentioned by the DoD as well as 

the long-term strategy discussed by NASA.  Wu and Ross introduce a concept for 

designing for affordability that is analogous to conducting affordability analysis in that it 

occurs when a system is architected to achieve multiple performance, cost and schedule 

needs early in the design stage (Wu, 2014). Once tool introduced for doing this involves 

conducting Multi-Attribute Tradespace Exploration on multiple designs to illustrate 

critical trades necessary to satisfy stakeholders, and it involves developing appropriate 

metrics to capture value throughout these trades (Wu, 2014).   

 Metrics are critically important for analyzing system trades appropriately for the 

right stakeholders.  The challenge is applying metrics to qualities that are not necessarily 
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accepted by all communities.  To help with this, Dong proposes a metric that focuses on 

introducing the concept of utility to cost and relating them mathematically to one another 

(Dong, 2016).  His definition states that “a product is affordable when the cost being 

spent is exchangeable/acceptable for the utilization being acquired” (Dong, 2016).  This 

is one way to provide a metric to a quality that can be measured and analyzed within an 

affordability analysis or attribute trade study.  Even though there are a few affordability 

metrics seen throughout the literature, it is important to map metrics between 

stakeholders and qualities related to performance measures within the proposed system of 

interest.  Additionally, other qualities besides affordability must be considered, and trades 

will demonstrate how they impact each other throughout the system lifecycle.     

2.2.3 Flexibility 

 

 Flexibility tends to be one of the more nebulous -ilities that stakeholders try to 

agree upon and define.  In general, flexibility appears to be a quality that focuses on 

enabling a system to adapt itself to external forces.  The challenge becomes defining the 

quality in such a way that it is generally adopted by multiple communities.  Since systems 

and products vary greatly in the design, construction, implementation and execution, it 

becomes very important to understand the flexibility viewpoint from the appropriate 

stakeholders involved with the system.  The case study presented in Chapter 3 applies 

flexibility within the swarming unmanned systems context, but it is important to 

understand how and why it is used appropriately. 

 The product manufacturing and product development communities appear to be 

one of the first to mention and agree upon the notion of flexibility.  From a 
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manufacturing perspective, flexibility is a multi-dimensional quality that include 

(Gerwin, 1993): 

1. Mix flexibility – handling a range of products with quick implementations 

2. Changeover flexibility – changing out new products for current products 

3. Modification flexibility – allowing minor updates in design process 

4. Volume flexibility – increase or decrease in production level 

Mix and volume flexibility focus on the output capacity and variety to the users whereas 

changeover and modification flexibility focus on internal processes and procedures for 

adapting products to either customer needs or other external factors.  This is appropriate 

for the manufacturing industry during the time, but it complicates the attempt to define 

flexibility in a general way.   

 To help with this challenge, de Groote provided a framework for understanding 

flexibility based on three parts.  These parts include a set of technologies (T), a set of 

environments (E) and performance criterion (R) such that π: T x E  R for noncomplex 

technologies (de Groote, 1994).  As a result, he defines flexibility where “A particular 

technology is said to be more flexible than another if an increase in the diversity of the 

environment yields a more desirable change in performance (i.e., higher increase or lower 

decrease) than the change that would obtain with other technology under the same 

conditions” (de Groote, 1994).  The definition captures elements provided by Gerwin in 

that mix flexibility and volume flexibility can help support the multiple environmental 

external factors while the changeover flexibility and modification flexibility support the 

technology side of the framework.  Thomke also adds to the technology side of Gerwin’s 
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framework by stating how flexibility is “the incremental cost and time of modifying a 

design as a response to endogenous and exogenous change” where endogenous relates to 

customer needs that change and exogenous means the discovery of new solutions 

(Thomke, 1997).  The exogenous view is from the eyes of the developer, and it is 

important to capture this view since changes are not always driven by the environment, 

but sometimes new technologies can provide means to improve performance if they can 

be implemented smartly.  

  One primary example of flexible manufacturing systems is the Japanese 

automobile industry.  As Japan competed with the United States when producing cars in 

the 90’s, they opted to produce 10 times more parts using the flexible manufacturing 

systems approach that gave them a competitive advantage over the United States.  They 

were embracing the concept of flexibility from a strategic interface perspective such that 

their flexible technology made it more attractive within a diverse environment (de 

Groote, 1994).  This approach is inline again with Gerwin’s thoughts on how flexibility 

has proactive elements when competing with competitors (Gerwin, 1993).  There is an 

implicit characteristic within lower flexible designs in that it will cause firms to think that 

there is no need for change in the future which can be detrimental for manufacturing 

companies (Thomke, 1997).  Observing concepts of flexibility within the manufacturing 

community helps ground the literature on concepts that are generally understood, but 

these concepts do not always generally apply to companies and organizations that 

develop more complicated systems besides products.  As a result, a more generalized 

definition of flexibility must be considered to help understand principles and metrics for 

assessing large unique systems. 
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 After understanding flexibility from a manufacturing community that focuses on 

developing products, the engineering community began to tackle the challenge of 

defining flexibility within complex system design.  Olewnik defines flexible systems “to 

be systems designed to maintain a high level of performance when operating conditions 

or requirements change in a predictable or unpredictable way” (Olewnik, 2004).  This 

definition generalizes the key principles and concepts from the definitions provided in the 

manufacturing community, but it also introduces challenges in differentiating it from 

other -ilities such as adaptability and robustness.  Adaptability is described as achieving 

flexible system design when parameters are changed and the range of change can 

enhance performance for predictable changes in the environment, and all of this can be 

done actively in real time or passively when the system is not used (Olewnik, 2004).  

Robustness is described as achieving flexible system design when parameters are 

constant to minimize effects from unpredictable changes in environment on performance 

without eliminating cause of changes themselves (Olewnik, 2004).  These concepts are 

tied together with a notion of an open system and can be seen in the figure below: 

  

Figure 2-1 Organization of Open Engineering Systems 
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This framework is helpful for reconciling the components of change and how they map 

between various -ilities.   

 In order to help refine these differences even further, one must understand how 

system requirements influence a system’s ability to respond.  One major difference 

between flexibility and robustness is that flexibility occurs when a design can satisfy 

changing requirements after the system is fielded, but robustness involves satisfying a set 

of requirements that don’t change although the system or environment does change 

(Saleh, 2002).  Figure 2-2 shows a diagram to help differentiate these principles. 

 

Figure 2-2 Robustness and Flexibility as Functions of System Objectives and Environment 

Saleh’s view focuses on a system’s ability to handle requirements and objectives whereas 

Olewnik focuses on how flexibility is achieved through the other -ilities depending on 

how the design parameters are changed.  Even as the literature points towards single 
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complicated systems, there are still ways in which stakeholders can view concepts of 

flexibility differently (Olsson, 2006).  Numerous opportunities exist for improving 

flexibility concept understanding, and the literature highlights the need for defining 

flexibility metrics at a minimum to help evaluate systems. 

 The two main research agendas identified to support understanding flexibility are 

conducting work within the applied areas and domains to support theory and agreeing on 

flexibility measures, or metrics (Gerwin, 1993).   In order to support using metrics, 

Olewnik also identifies the need for ways to model flexibility and explore tradeoffs by 

differentiating between the appropriate -ilities and building the right tools to do so 

(Olewnik, 2004).  This is a common theme, as seen in the affordability section within this 

chapter, that needs to be addressed to further the understanding of developing CASs for 

the future.  Metrics supporting flexibility within the appropriate system context will be 

important for capturing the right level of analysis needed to anticipate changes either by 

the environment, stakeholders or new technologies that come into play.   

2.2.4 Maintainability 

 

 Maintainability is another challenging quality to analyze as it is also multifaceted 

and can be altered slightly depending on the use case considered.  For the context of this 

research, maintainability will be viewed from the perspective of stakeholders within the 

maritime environment that operate marine structures with long operational life’s.  Since 

swarming unmanned systems are not fully developed and common within this 

environment, other systems developed by different communities can be observed to take 

advantage of existing frameworks, methodologies and principles that may apply to 

swarming unmanned vehicles operating in the ocean.  Within this domain, the offshore 
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energy industry appears to be one of the closest communities since they work with 

vessels, offshore wind farm structures and other renewable energy devices operating over 

long periods.  There are other agencies to compare concepts of maintainability, 

particularly NASA, that are also helpful to provide near universal definition of the 

maintainability system quality.  

 NASA defines maintainability in the NASA handbook 5300.4(1E) 

‘Maintainability Program Requirements for Space Systems’ as “A measure of the ease 

and rapidity with which a system or equipment can be restored to operational status 

following a failure” (NASA, 1994).  Restoring systems may involve various aspects of 

the maintenance process such as accessing tight spaces inside compartments to replace 

components, conducting routine checks on critical subsystems and analyzing past 

performance data on system components to anticipate failure to prepare for a timely 

maintenance period.  Sometimes, maintainability goes hand and hand with reliability and 

availability since they all support improving the amount of operational time for a system.  

NASA understands how some programs have cut requirements on reliability and 

maintenance to reduce initial development costs, but that resulted in system 

underperformance that could not be maintained efficiently (NASA, 1994).  Note that this 

quality is also tied to the affordability quality in that there are resources to be managed 

for smartly incorporating maintainability in an affordable way. 

 Framing the concept of maintainability in the context of the maritime industry, 

Shafiee expands the previous definition from NASA as “a method aimed at determining 

the most effective and efficient maintenance plan (i.e., inspection time and frequency, 

work preparation, required maintenance resources) so that the best possible balance 
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between direct maintenance costs (e.g. manpower, cost, logistics and transportation costs) 

and the consequences of not performing maintenance (e.g. loss of power production and 

assets) is achieved” (Shafiee, 2017).  Similar concepts of balancing resources are seen in 

this definition like the notional concepts of understanding affordability and flexibility.  

Resources involving these concepts must be balanced throughout the system lifecycle as 

each point in the lifecycle emphasizes certain processes.  In the context of offshore wind 

farms, Rinaldi points out that operating systems for longer periods of time, which is 

increasing the availability, means a higher amount of energy collected which equates to 

revenue, but a consequence is increased preventative and remedial maintenance 

operations and procedures to keep that level of operation (Rinaldi, 2017).  The only way 

to truly understand these trades are to develop tools that can capture data and simulate 

outcomes based on notional environments and system parameters. 

 One of the major challenges with operating marine vessels and structures in the 

ocean, such as wind farms, is that deployment and installation costs are high (Rinaldo, 

2016).  To optimize these costs and untangle the issues of designing such systems, it 

becomes necessary to develop means to analyze alternative designs for assessment 

through the system lifecycle (Hoffman, 2011).  Not only do they need to be assessed, but 

maintenance optimization in general is complex and needs software-based solutions to 

handle them (Shafiee, 2017).  One cause for complexity is that system components can be 

modeled using reliability data, represented as probabilities of failure, that must operate in 

a simulated environment.  Reliability data can be hard to acquire from live platforms as 

they are not always instrumented for data collection (Gray, 2017).  Although this data is 

hard to acquire, it is one of the recommended quantitative requirements for 
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maintainability recommended by NASA.  They recommend the following quantitative 

requirements for maintainability (NASA, 1994): 

1. Maintenance man-hours per operating hour (MMH/OH) 

2. Mean-time-to-repair (MTTR) 

3. Mean-time-to-restore-system (MTTRS) 

4. Fault detection and isolation of subsystem task times 

5. End item change out time 

6. Unit removal and installation times 

7. Availability 

The marine industry has touched on a few of these as previously discussed, so it follows 

that there is some agreement on the required aspects to be captured in models for 

assessment, specifically information linked to reliability.  

 Rinaldi developed a reliability-based simulation for managing offshore windfarms 

utilizing reliability data and procedures results in terms of availability and 

maintainability, and his simulation relied on three main inputs: power rating of devices, 

metaocean data (sea states, currents, sea level etc…) and failure distributions (Rinaldi, 

2017).  The failure distributions covered both environmental factors and defects, and the 

simulation was based on Monte Carlo and Markov chains to understand system 

performance within operational scenarios (Rinaldi, 2017).  In an earlier work, he 

provided inputs to the model as reliability distributions; power delivered to grid and lost 

by failures; energy and time-based availability of the farm; number of failures; risk 
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priority number and a monthly and annual holistic analysis metric (Rinaldi, 2016).  This 

model is an example of numerous models to help describe and understand 

maintainability.  Hoffman surveyed the literature and found 49 tools that had the 

following analysis categories:  total project cost, operation and maintenance, 

production/failures/reliability, micro-sitting and layout, component costs, installation 

costs and management tools (Hoffman, 2011).  Since cost, maintenance, failures and 

reliability are all grouped within the literature, specifically from Hoffman’s survey, it 

follows that affordability and maintainability really come together within the literature, 

and there is a theme of using tools to analyze trades between these two as well as other -

ilities. 

 The discussion of maintainability cannot be complete without discussing 

reliability and availability.  Reliability can be defined as “the probability that a system, 

subsystem or part is able to perform its specific function in a pre-established time and 

under pre-established conditions”.  Availability can be defined as a measure for times a 

system of interest is available when the system is required to be used (Petritoli, 2018).  

For the purposes of this work, frequency of maintenance is analyzed in relation to 

reliability.  The approach taken does not focus on using collected failure rate data on 

similar platforms to anticipate or predict failures within a modeled system.  This would 

be quite the challenge for assessing swarming unmanned since there are very few of them 

throughout industry to assess.  Another way to assess maintainability is to know the 

general maintenance concept and operating conditions, specifically where systems will be 

operated and how parts are changed out (NASA, 1994).   By modeling and simulating 

operating conditions that effect system components in a unique way, concepts of 
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maintainability can be derived from general reliability concepts that depend on system up 

time as well as how hard they operate or work within their environment.    

2.2.5 Survivability 

 

 The concept of survivability appears in the literature from communities focused 

on surviving military threats, tactics and operations.  Definitions from the past include 

some from long history starting with naval architecture to considering design of combat 

aircraft in the 1960’s (Richards, 2006).  One early definition seen in the aircraft combat 

survivability approach is that survivability is “the capability of an aircraft to avoid or 

withstand a man-made hostile environment” (Ball, 2000).  Ball breaks the concept of 

survivability into a few other -ilities for discussion.  First, he notes that susceptibility is 

the inability to avoid attack from a hostile while vulnerability is the inability to avoid 

damage from an attack (Ball, 2000).  These two concepts appear to focus on concepts of 

preventative and reactive principles based on the system operating scenario.  Again, 

introducing subcategories for the -ilities such as survivability make it more challenging to 

determine a universal approach.  When developing complex systems, the importance of 

understanding and agreeing on such terminology is necessary to help stakeholders 

understand uniform risks. 

 Richards emphasizes a point where the definition of survivability is not very well 

understood when it comes to systems architecture even though people understand 

survivability at the component level (Richards, 2006).  When viewing systems beyond 

the context of aircraft survivability, it becomes apparent that there are many ways to 

interpret survivability as concepts such as radiation hardening for satellites is very 

different than security protocols for automated teller machines (Richards, 2006).  Table 
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2-1 shows the spectrum of survivability definitions identified by Richards compiled from 

different domains. 

Table 2-1 Spectrum of Survivability Definitions 

 

A general definition proposed by Richards is that “Survivability may be defined generally 

as the ability of a system to minimize impact of a finite disturbance on value delivery, 

achieved through either (1) the satisfaction of a minimally acceptable level of value 

delivery during and after a finite disturbance or (2) the reduction of the likelihood or 

magnitude of a disturbance” (Richards, 2006).   Other researchers, including Adam Ross, 

in this area identify similar principles within this general definition that focuses on 

providing value after a finite disturbance (McManus, 2007).  Researchers break down the 

general concept of survivability into multiple parts in the same manner flexibility was 

decomposed for further understanding. 

 Both McManus and Richards describe survivability in using two schemes.  The 

first schema involves defining survivability in a passive sense, where a system provides 

value during environmental disturbances and an active sense, where a system changes 
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design parameter after reacting to environmental disturbances (Richards, 2006).  Table 2-

2 shows more detail between the two types.     

Table 2-2 Passive vs. Active Survivability 

 

The second schema involves identifying a Type I survivability as a means of reducing 

either the chance or severity of a disturbance and a Type II survivability as the minimal 

accepted level of value delivery during or after a finite disturbance (McManus, 2007).  

Both schemas involve identifying the importance of system providing value after a finite 

disturbance, but Richards focuses on what the system inherently has or what it does to be 

survivable.  Richards and Ross ensure to differentiate survivability from robustness by 

emphasizing that survivable systems recover from finite changes, such as an impulse 

event, so it can be seen as a special case of value robustness.  The concept of surviving an 

impulse event is relevant in the maritime industry since vessels are sometimes at risk of 

collision in highly congested waterways.   

 Mitigating risk of collisions dates back to when International Regulations for 

Collisions at Sea were implemented to provide rules of the road for all maritime vessels 
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in domestic and international waters, and it outlines all the behaviors and actions that a 

vessel operator must to do avoid collisions at sea (COLREGS, 1972).  Additionally, these 

rules have been updated and amended to accommodate merchant shipping at sea 

(Merchant, 1992).  The importance of mitigating collisions at sea feeds right into the 

concept of survivability in that vessels should take all action necessary to prevent 

collisions so they can protect themselves and other ships while continuing to add value to 

their customers.  Numerous challenges exist today in overcoming autonomous navigation 

of vessels due to legislative issues, high reliability requirements and certification 

challenges (Theunissen, 2014).  Some solutions are presented and proposed to emulate 

the critical human in the loop, known as the officer of the deck, by developing advanced 

sensor suites to aid the sole decision maker (Bruhn, 2014).  Combine these effects with 

multiple vessels operating autonomously in swarming coordinated behaviors as a CAS, 

and the situation becomes exponentially more complex as they operate within the 

maritime environment.  How do system designers approach the concept of survivability 

within this situation? 

 Richards and Ross emphasize that developing metrics and conducting trade space 

exploration using stochastic methodologies can help demonstrate performance trades 

(Richards, 2009).  They point out the issue that current survivability engineering methods 

rely on specific operating scenarios and presupposed disturbances rather than an 

approach that deals with unexpected or indeterminate threats, and these current methods 

do not account for dynamic features within their environments or foster trades between 

stakeholder interests when balancing lifecycle cost, performance and survivability 

(Richards, 2009).  Researchers identify that future work must involve using collision 
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avoidance models to analyze architectures, and these models must emulate a dynamic 

environment and account for changing entities within the simulation (McManus, 2007).  

When designing swarming unmanned vehicles in the maritime environment, the 

autonomous behaviors must be designed carefully to reduce collisions autonomously and 

user’s also must have the ability to take over early and often to prevent any near-collision 

scenarios.  Concepts of man machine-teaming will be critical for evaluating user-system 

desired qualities such as usability within CASs. 

2.2.6 Usability  

 

 Swarming unmanned systems can operate fully autonomously by themselves or 

remotely by pilots using supervisory control.  When humans interact with such systems, 

their effectiveness is somewhat dependent on how easy the system is to use.  Usability is 

a way of describing this relationship between user and system, and if not considered early 

into the design, can cause major challenges in actual operations.  This review of usability 

literature focuses on understanding usability from a cognitive load perspective since 

operators within a swarming unmanned system context must utilize mental resources to 

process visual information, coordinate tasks and sustain long duration missions in a 

supervisor control posture.  This approach applies to unmanned systems in all domains 

such as land, air and space environments, but for the case study presented in chapter 3, 

the maritime domain will be emphasized for context of swarming unmanned surface 

vehicles. 

 Literature from the 90’s relates usability with cognitive load by associating 

usability engineering with both cognitive engineering and human factors engineering 

(Johnson, 1996).  Usability can sometimes be measured using usability evaluations to 
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help understand and bridge the gap between software being used and the people using 

them (Skov, 2012).  Understanding usability in security Application Programming 

Interfaces (APIs) for security software is critical to prevent non-software developers from 

introducing more vulnerabilities than there were previously (Wijayaratha, 2019).  As 

usability evaluations can help identify the ease at which these APIs can be used, other 

means of evaluating usability may be required in other systems due to their very different 

application and domain.  Supervisory control is much different than programming a 

software with an API since it requires constant focus and attention that drain mental 

resources.  The ISO/IEC 25010 System and Qualities Software Model defines usability as 

“the degree to which a product or system can be used by specified users to achieve 

specified goals with effectiveness, efficiency and satisfaction in a specified context of 

use” (Ferreira, 2020).  Monitoring and controlling swarming systems will not only 

require a lot of focus, but it also requires digesting information, coordinating tasks and 

prioritizing actions in an optimal way. 

 The research community focused on improving multimedia learning techniques 

by using Cognitive Load Theory (CLT) to make improvements on certain material and 

understand the learning process.  Sweller, a major researcher behind CLT, was one of the 

first to discuss and investigate measuring cognitive load through conducting problem-

solving exercises (Sweller, 1988). In his findings, he concluded that there is a limited 

capacity of working memory (Sweller, 1998).  Working memory isn’t the only 

component or indicator of cognitive load, but it can cause multiple sources for impeding 

understanding.  Marcus suggested that there are three sources of cognitive load from an 

instructional point of view (Marcus, 1996): 
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1. Prior experience – certain schemas can help reduce mental workload that are 

derived from experience 

2. Nature of the material – more complex information leads to higher load due to 

impeding understanding 

3. Organization of instruction – information provided in a way to hold more 

elements in working memory simultaneously will increase load 

These sources involve balancing working memory demands, and they are the causes of 

other challenges when it comes to processing information that may be overloading the 

receiver.   

 To expand upon Marcus’s point, Mayer identifies two main effects that impair a 

person’s ability to process information.  The first is the redundancy effect, where 

“presenting words as text and speech is worse than presenting words solely as speech”, 

whereas the second is the coherence effect describes as “situations in which adding words 

or pictures to a multimedia presentation results in poorer performance on test and 

retention or transfer” (Mayer, 2001).  Concepts two and three from Marcus, organization 

of instruction, seem to be the cause of the effects identified by Mayer in that introducing 

more than one avenue of instruction tends to complicate the material and cause more 

memory to be used throughout extra unnecessary senses (audio and visual vice only 

visual).  Other work by Brunken provided evidence from experiments to improve 

learning materials based on various audio-visual stimulants impacting cognitive load for 

learning purposes (Brunken, 2004).  These bodies of work focus on understanding how 
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people process and learn information, but there were also efforts to help measure the 

effects of cognitive load on the brain using various means. 

 Measuring cognitive load is not a trivial task as the human brain is very complex 

within its own nature.  As a result, there are many ways to achieve this within the 

research community, and there isn’t a universally accepted methodology as cognitive 

load is multi-dimensional.  Pass claims that the main problem is understanding the quality 

and quantity of cognitive processes needed in learning tasks (Pass, 1994).  He proposes 

there are two assessment factors to help with this: Mental load, which is imposed by task 

or environmental demands, and mental effort, which is the capacity or resources allocated 

to tasks demanded on the user (Pass, 1994).  This is one of the earlier times where 

someone begins to claim cognitive load exhibiting multiple dimensions.  He continues to 

assert that there are various ways to measure cognitive load: Subjective measures which 

rely on rating scales and psychophysiological indices such as pupil diameter fluctuations, 

heart-rate variability and event-related brain potentials (Pass, 1994).  These measuring 

techniques focus on the human’s response to a scenario, but there is another way to 

measure cognitive load that deals with tasking. 

 Pass’s suggestion of mental load and mental effort being part of cognitive load 

might be the bases of another method related to dual tasking techniques.  It has been 

suggested, from multimedia learning research, that there are effects that can be measured 

using the dual task approach (Brunken, 2004).  The dual task approach was also observed 

and measured during experiments involving office tasks that induced a physical-stress 

response between primary and secondary tasking (Leyman, 2007).  The community 

began to link the relationship between mental effort and dual tasking due to the limited 
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capacity of mental resources available in the mind.  To bring this concept into the context 

of swarming unmanned systems, the ability for an operator to operate a system of 

swarming unmanned system requires supervisory control that can impart high cognitive 

load if not properly designed to suite the user’s needs.  Donmez articulates the challenges 

of this modality and defines the concept of supervisory control. 

 Supervisory control is proposed by Donmez as “intermittent operator interaction 

with a computer that closes an autonomous control loop” (Donmez, 2010).  As mentioned 

in the previous survivability section, unmanned surface vehicles developed today will 

need to have a human in the loop to help satisfy COLREG requirements, which are 

international regulations to prevent risk of collisions at sea for maritime vessels.  A 

scheme will be needed in the autonomy rule set to include a human in the system to close 

the autonomous loop as mentioned by Donmez.  As a result, it is important for the 

community to truly understand the implications of this relationship for optimizing human 

machine interface design.  One way to account for the human interactionis to use 

simulations to design and test configurations to help human performance within the 

system.  Donmez recommends using discrete event simulations since they can capture 

temporal affects (Donmez, 2010).  Rusnock also agrees with this approach as an 

affordable means, especially since test and evaluation of human interface designs can be 

time-consuming and expensive (Rusnock, 2013).  Simulations can help create scenarios 

where humans must respond to dual tasks, then their responses can be assessed on those 

tasks.  An important part of simulations is that developers can instantiate metrics in the 

interface for evaluating performance. 
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 In order to develop appropriate metrics within a simulation, understanding the 

direct challenge of supervisory control is important to highlight where specific modeling 

capabilities should be focused.  Operating input timing, neglect benevolence and various 

levels of automation are aspects that impact the system control loop, and approaches to 

reduce complexity of swarm control in this scenario rely on behavior selection, parameter 

setting, environmental effects and leader influence (Kolling, 2015).  Swarm control 

complexity can be thought of computational complexity as shown in Figure 2-3 (Kolling, 

2015). 

 

Figure 2-3 Complexity levels and their progression 

O(n) is computational complexity where n represents number of possible actions in the 

context of human-swarm control.  O(1) is when one action can apply to all robots and O(n) 

is when robots and tasks are added to the swarm equally.  When O(>n), then robots are 
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coordinating with each other and the human operator resulting in an increase in 

complexity (Kolling, 2015).  Since Kolling mentioned that different levels of automation 

impact the control loop, it follows that automating processes to assist the operator would 

improve usability by reducing the mental workload on the operator due as a result of 

freeing mental resources.  The community agrees that metrics are needed to help  assess 

cognitive load and tying them to specific levels of complexity is important for the 

advancement of this research. 

Metrics can be used to assess how autonomy reduces the need for an operator to 

jump in and take over the system, resulting in the freeing of mental resources to reduce 

cognitive load in order to make the system more usable.  For unmanned system operators 

to perform well in a supervisory control capacity, cognitive load assessment using the 

dual task measurement assumption is proposed to capture the usability aspects of the 

human-system interaction.  Swarming unmanned systems are dependent on the 

autonomous behaviors for coordinating complex tasks, so measuring the differences 

between autonomous behavior parameters is going to be important for human machine-

system interface evaluation. 

2.2.7 -Ilities Related Work 

 

Many of the -ilities are described in various ways by different researchers within 

the community.  Some aspects of these definitions are in-line with each other.  It becomes 

important to emphasize these qualities in the context of the application at hand.  As 

systems become more complex, these -ilities become more important and understanding 

their trade-offs helps stakeholders understand how to make the right choices, balance risk 

and build confidence in unpredictable systems.  Researchers have conducted investigated 
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some of these challenges by publishing their thoughts, approaches and concepts for 

community buy in.  But there remains a lot of work to be done, especially as each domain 

becomes more and more complex over time. 

Lifecycle qualities can be represented as non-functional requirements, or the -

ilities, and they are a primary area of research within the systems engineering community 

since they are difficult to quantify and measure.  Ross identified various  definitions of 

flexibility, adaptability, scalability, modifiability, and robustness causing an inability to 

design, specify, and verify systems that provide value to the stakeholders (Ross, 2008).  

Developing system qualities for a CAS is challenging due to operating in changing 

environments over time while simultaneously struggling to satisfy all stakeholders.  Ross 

focuses on defining the previously mentioned -ilities within the core concepts of 

“changeability”, but his research does not focus on applying these definitions in the 

context of swarming systems.  Corpino focused efforts developing an -ilities-driven 

Quality Functional Deployment (QFD) to complement existing design strategies as a 

general tool across various domains (Corpino, 2016).  The next step for her research is to 

integrate the methodology in preliminary concept exploration.  Providing a modeling and 

simulation capability to augment her research would help advance best systems 

engineering practice for CASs to help better meet system quality expectations. 

Additionally, Araguz comments on how defining system qualities of distributed space 

systems through autonomous operations has yet to be realized (Araguz, 2018).  His view 

highlights a significant opportunity and challenge for future development of more CASs 

in space.   
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2.3 Goal-Oriented Requirements Engineering 

 

 When developing complex systems such as CASs, the processes required for 

executing such a task should have a reasonable framework that captures stakeholder input 

while clearly illustrating critical information to achieve stakeholder concurrence.  

Requirements Engineering is a field that focuses on developing and refining requirements 

in the systems engineering community for providing guidance on how a system should be 

build, tested and validated.  Within Requirements Engineering, Goal-Oriented 

Requirements Engineering focuses on taking stakeholder needs and focuses them into 

functional and non-functional requirements (Ansar, 2011).  This field usually involves a 

goal modeling methodology and analysis methods such as KAOS, i*, GBRAM, and 

Tropos that are used to elicit feedback from stakeholders by asking questions such as 

why, how and what to the goals and needs they seek (Ansar, 2011).  These approaches 

have their pros and cons based on the application at hand, and they have evolved over 

time from similar basic concepts. 

 The concept of refining goals dates to the 60’s when Newell discusses a computer 

program called General Problem Solver (GPS) used to test the psychological theory of 

human problem solving (Newell, 1961).  In the context of requirements engineering, 

Mylopoulus provided a framework that focused on representing nonfunctional 

requirements using goals, links, refinement methods, correlation rules and a labeling 

procedure (Mylopoulus, 1992).  These are common building blocks found within many of 

the various goal modeling methodologies presented, and they certainly help to provide 

the structure necessary to guide the challenge of requirements development.  Parts of the 

literature within the community focus on specific elements, such as labeling procedures, 
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to help improve the overall process (Sebastiani, 2004).  Others focus on adding 

comparison structure by enhancing links using “+” and “—” symbols for when goals 

either contribute negatively or positively to one another and even quantitative aspects by 

defining variables such as inf (no evidence) and sup (full evidence) (Giorgini, 2004).  

These various differentiators are seen throughout the previous methodologies described, 

but in the context of developing CASs, the KAOS methodology is favored for the 

application at hand.   

2.3.1 Knowledge Acquisition in Automated Specification (KAOS) 

 

 Goals are very important for driving requirements, providing rationale to clients, 

resolving conflicting requirements and providing completeness criterion (Darimont, 

1996).  One major strength of the KAOS methodology is that it involves elaborating 

requirements from goals, constraints, agents, entities, relationships events, actions, views 

and scenarios (Darimont, 1996).  As mentioned previously, the concepts brought up by 

Mylopoulus about using goals, links and refinement methods to elicit requirements are 

also shared by Darimont as the KAOS methodology captures these critical concepts.  

This approach conducts requirements analysis using two primary tasks: requirements 

acquisition and formal specification (Dardenne, 1993).  Requirements acquisition is when 

a preliminary model is used to elaborate “rich” language with an ability to capture 

multiple automation alternatives to be negotiated, and formal specification is the 

refinement of preliminary specification to more formal requirements (Dardenne, 1993).  

These two processes are the fundamental drivers for the methodology and are usually 

done by using a conceptual model with a strategy for elaborating the requirements using 

an assisted and automated process (Dardenne, 1993). 
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 A prominent proponent of the KAOS methodology is Alexander Van 

Lamsweerde.  He took the framework and really solidified additional elements, aspects 

and principles that enhance its ability to be applied to various domains.  One way to do 

this is through utilizing operational scenarios that are a compilation of sequenced events 

between various agents in restricted context of satisfying some implicit purposes.  This is 

important since the true input to the framework really relies on how stakeholders view the 

system being used.  Van Lamsweerde understands that operational scenarios cannot 

replace requirements, but they are a good starting point for applying a structured process 

to generate and refine requirements (Van Lamsweerde, 1998a).  This is one of the main 

reasons why a case study is presented in Chapter 3 in hopes of demonstrating this 

framework to its fullest.  He also discusses and highlights the challenges in requirement 

inconsistencies and proposes methods to handle inconsistencies by using qualitative 

reasoning, characterizing requirements differences at the goal level, formal reasoning and 

defining overlapping concepts as a basis for inconsistency (Van Lamsweerde, 1998b).  

Managing conflicts and inconsistency is very important in defining requirements for 

CASs since so many stakeholders are involved and have to reconcile multi-mission 

objectives and performance capabilities. 

 Van Lamsweerde provided the main steps within KAOS shown today, and they 

relate back to the concepts and steps proposed by Mylopoulus.  These steps involve (Van 

Lamsweerde, 1998b): 

1. Eliciting and refining goals until assignable 

2. Identifying objects and operations from goals 
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3. Deriving requirements on objects/operations to meet goals 

4. Assigning requirements and operations to agents 

These steps are necessary to solve the developmental challenges of developing CASs.  

Throughout his work, Van Lamsweerde illustrates complexity of the tasking that is due to 

the broadness from incorporating physical laws and technical artifacts as well as human 

organizations (Van Lamsweerde, 2000).  Things became even more challenging in the 

2000’s when software started to become a primary effort in systems development, 

leading to numerous opportunities to extend and solidify this area of research (Van 

Lamsweerde, 2001).   

As development of autonomous systems increased over time, other approaches, 

such as Autonomy Requirements Engineering (ARE) were developed to handle their 

complexities as well (Vassev, 2013).  However, this research focuses on KAOS 

methodology within the GORE approach because the goals of the system must be 

realized by the stakeholders unlike in autonomy requirements engineering where the 

requirements focus on self-preservation as the number one priority.  KAOS methodology 

has been explored in other applications throughout the literature.  Its use has been 

compared heavily amongst the other methods discussed previously within this section.  

2.3.2 GORE and Related Work 

 

Developing swarming unmanned systems involves writing autonomous software 

to govern the rules enforcing local interactions between each agent within the swarm and 

their operating environment.  As mentioned previously in CASs sections within this 

paper that, local interactions are critical to understanding emergent behavior.  
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Requirements should enforce how these rules should be built and executed, and this is no 

easy task.  The literature discussed research gaps to help with these software development 

practice needs.  Structure provided by processes for requirements development are 

essential for ensuring the right software functions and qualities are captured. 

Software development can be organized and conducted in numerous ways based 

on the culture of the organization, the developer’s habits and backgrounds, and the 

available project resources. As projects become more complex, structured development 

practices are essential to facilitate the overall process.  The Model-Driven Development 

approach focuses on software developed as the model to test and refine throughout the 

software development process (Beaulieu, 2016).  This approach is helpful for assessing 

real-time requirements for robotics swarms, but it does not focus on defining goals that 

map to appropriate autonomous behaviors during initial development to help minimize 

iterations.  On the contrary, Goal-oriented requirements engineering is a promising 

approach that helps focus stakeholder goals into an explicit format to eliminate 

ambiguities and prevent implementing the wrong requirements for software developers 

(Horkoff, 2013). There are various types of goal modeling languages and techniques 

known such as GBRAM, NFR, i*, Tropos, Goal Requirements Language, and AGORA 

that help elicit the proper goals in a structured approach (Horkoff, 2013).  Goal 

Requirements Language is useful in handling complex relationships required for 

autonomy while also providing a means of quantitative comparison for analysis (Neace, 

2018).  Although this is helpful for evaluation, the appears to be no specific modeling 

structure to capture software agents within the model.  Since CASs are highly dependent 
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on the numerous local agents and their interactions, the KAOS methodology was chosen 

to provide structure for traceability. 

2.4 Modeling and Simulations 

 

 As mentioned in the earlier sections within this chapter, simulations are helpful 

and nearly necessary to perform any useful assessment of system performance.  The 

challenge becomes focused on understanding the right types of simulations to use.  

Research communities tend to adopt their primary methods of simulating systems based 

on their domain.  Additionally, these simulation methods evolve over time as the 

community learns more from experiments and as technology advances.  Sometimes, 

people tend to rely more on mathematic approaches rather than simulations when 

discussing complex systems or CASs.  This section will highlight the history of 

simulations, how they have evolved, their competition with mathematical models and 

how they can be used to analyze system performance within the framework of this 

research. 

2.4.1 Individual-Based Models 

 

 Simulations can vary in nature depending on the subject and field being explored.  

For CASs, simulations that focus on either modeling emergent behavior mathematically 

or modeling individual components are potential candidates for use.  Ecology researchers 

began using Individual-Based Modeling approaches back in the 1960’s, and their usage 

increased linearly between 1990 and 2004 (DeAngelis, 2005).  These models expand 

across ecology and evolutionary biology, and it parallels to growth of agent-based models 

in economics, social science, artificial intelligence and particle-based models in physics 
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(DeAngelis, 2005).  The definition of individual based models is not well understood, but 

they simulate populations as discrete agents representing organisms with certain traits 

and each agent contains history of interactions with other agents and its surrounding 

environment (DeAngelis, 2005).  The individual-based modeling approach is comparable 

to the agent-based modeling approach, but agent-based modeling tends to view the agent 

with more sophisticated rules and behavior that may apply to systems beyond simple 

organisms within biology and ecology.   

2.4.2 Agent Based Models 

 

 Agent-based modeling generally applies to additional fields beyond ecology and 

biology.  This modeling approach can be used to emulate entities in real environments, 

and the approach can also be applied to optimizing designs.  Agent-based modeling and 

simulation cover both agent-based simulations where dynamic and temporal features are 

modeled as well as general models with agent-based features that are used to support 

optimizations or search such as particle swarm optimization (Macal, 2010).  There 

general structure of agent-based modeling involves a set of agents, agent relationships 

and an environment as shown in Figure 2-4. 
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Figure 2-4 The structure of a typical agent-based model (Epstein and Axtell, 1996) 

The figure shows how agents traverse a grid topology and while interacting with each 

other and gathering information about the environment during the process.  This structure 

fits nicely with the elements of CASs and are very useful for their evaluation since it 

models the localized interactions between other agents and their surrounding 

envrionment. Agent-based models are specifically great for designing distributed systems 

since agents have autonomous behaviors that interact throughout their environment 

resulting in macro level results, and they can be used to develop operational software 

systems, operate where global control is difficult and provide a possible modeling 

alternative to equation-based modeling (Michel, 2009).   

 In order to bring these agent-based models to life, simulators need to be 

sophisticated enough to deal with the complexities of the proposed CASs structure.  

Discrete event simulations appear to be the primary method of choice for the task.  One 
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of the first agent-based simulations was called “swarm” that models a bunch of agents 

with various scheduling activities as one large system, and it is based on discrete event 

simulation of multiple agents that are objects within Objective C code as they are 

modeled in an environment (Minar, 1996). Jacobs also proposed an architecture driven by 

event-based discrete event simulation paradigm focused on scheduled method invocation, 

and the program is called D-Sol that runs in Java and is represented by a library 

integrated with other statistical libraries (Jacobs, 2002).   

Other simulations were developed to truly understand aspects about agent-based 

simulations beyond temporal effects.  Tileworld contains robot agent interactions within 

an environment where parameters can be tuned to understand meta-level reasoning 

strategies (Pollack, 1990).  Multi-Agent Computing Environment (MACE) became a 

critical development in the agent-based modeling community as it was one of the first to 

be domain agnostic and it considered different kinds of distributed artificial intelligence 

systems as well as various levels of agent details (Michel, 2009).  Another important 

aspect about MACE is that it provided modeling and simulation tools as well as a 

distributed software environment (Michel, 2009).  The modeling technique is only as 

good as the interface and processing techniques available to the user, and it becomes 

important for simulators and test beds to incorporate these aspects into their tool kits for 

enhancing the researcher’s experience for adding to the communities understanding.  

Although these tools can be powerful, it is important to understand how to use them 

appropriately and understand the various paradigms in the modeling and simulation 

community. 



 

54 

 

2.4.3 Test Beds and Experiments 

 

 As the agent-based modeling community started to realize how simulations 

became a powerful tool to assist in design exploration, the simulation community also 

began to improve upon existing tools by enhancing simulation capabilities.  The 

introduction of the Modius modeling tool enabled the addition of multiple interacting 

formalisms and solvers without changing the ones already implemented which allows 

models expressed in multiple forms to be compatible with others while using multiple 

solvers (Clark, 2001).  New approaches involving the development of parallel and 

distributed simulation systems were also introduced to provide a uniform system 

architecture for incorporating multiple simulations with the potential to use dynamic 

synchronization mechanisms (Perumalla, 2005).  Distributed simulations utilized new 

algorithms for hybrid systems using the language called CHARON as discussed by Hur 

(Hur, 2002).  Lastly, documentation became standard practice for organizing syntax and 

examples for the community as seen in the ns Manual for an object-oriented simulator 

written in C++ (Fall, 2011).  These specific languages, toolkits and documentation 

highlights are all focused on improving the computational efficiency, organization and 

process for simulation methods that support various modeling approaches emerging 

throughout the research community.  While there are great improvements made in this 

field, there still exists a conflicting and maybe competitive approach for analyzing 

complex systems using simulations. 

 Hanks points out that there is one general concern with testbeds in that they will 

only provide the illusion of progress by using controlled experimentation with 

reproduceable results and ways to measure them, but no generalized results (Hanks, 
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1993).  Testbeds focused on specific environments and parameters that help designers 

understand the space they are exploring.  It becomes very challenging to apply observed 

affects across all domains unless abstracted in some way.  This leads to the two 

conflicting approaches when conducting simulations and experiments.  One approach is 

to conduct experiments in hopes to produce results and turn them into principles to be 

applied to more complex systems, and the other approach is to conduct experiments 

directly in real environments using real systems.  Hanks specifically advocates for not 

conducting controlled experiments in small, artificial worlds that are not truly complex 

and he believes people should build systems and apply analytic and experimental tools to 

understand why they were successful or not.  Pollack proposes nearly the opposite where 

doing controlled experiments in a small and less complex, artificial world to enable the 

parallelization of experimental analysis and complex systems building (Hanks, 1993). 

 Although Hanks and Pollack differ on the level of complexity and 

experimentation means for analyzing systems using testbeds, they do have some common 

thoughts.  At the end of the day, they both agree that test beds should be used and should 

foster experimentation that builds on theorizing (Hanks, 1993).  The powerful benefits 

from improved technology has enabled this community to explore designs, but each 

person can interpret results and experiments differently.  Cohen argues that there can be 

issues with generalizing results from testbed experiments as he believes it is “our job” to 

interpret and that there are no theories to do the job for us (Hanks, 1993).  This approach 

differs from Hanks and Pollack in that communities will always need to interpret results 

from simulations, he too agrees that there are benefits from using test beds.  Since all 

three agree that test beds are important for analyzing complex systems, it follows that 
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their use in the proposed framework is somewhat essential for analyzing CASs.  The 

important feature to balance throughout the case study is the level of complexity to 

ensure reasonable conclusions can be made. 

 One common theme identified from previous works and viewpoints is analyzing 

complex systems using testbeds from a bottom-up perspective.  Two main challenges 

exist for bottom-up modeling: complexity and uncertainty (Grimm, 2005).  Pattern-

oriented modeling is designed to overcome these challenges by making bottom-up 

modeling completer and more rigorous for decoding underlying principles of observed 

patterns (Grimm, 2005).  One of the main concepts is to observe patterns at multiple 

scales and hierarchical levels to reduce uncertainty and optimize model complexity 

(Grimm, 2005).  Other work involving IBMs focused on understanding large scale 

pattern formation when analyzing animal swarming (DeAngelis, 2005).  These 

approaches can be utilized to support the swarm development approach proposed in 

Chapter 3’s framework, and it becomes one of the fundamental necessities to understand 

actual system behavior before a system is placed in a real environment.  

 In order to properly acquire useful information from models using a bottom up 

approach, there must be some sort of value gained at the right level of complexity to 

ensure the model’s usefulness.  Grimm discusses a concept called the Medawar zone that 

lies within the middle of two extremes: one extreme being where the model is too simple 

because it only addresses the problem where one single pattern is observed, and the other 

extreme where the model is too complex because it is driven by all available data 

(Grimm, 2005).  Figure 2-5 illustrates this concept and identifies how the ideal payoff 

from a model is when one observes multiple patterns. 
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Figure 2-5 Depiction of Medawar Zone 

Observing multiple patterns within a model helps it to be “structurally realistic”, and 

these bottom-up models are thought of as virtual labs that can execute controlled 

experiments leading to an accumulation of theory for how systems behave dynamically, 

ultimately leading to an algorithmic approach to theory rather than analytical (Grimm, 

2005).  These models can be powerful tools focused on solving real world problems, and 

other sectors are eager to take advantage of their capabilities and apply their findings. 

 One field that advocates the need for agent-based models is economics.   Adam 

Smith identified and highlighted economic complexity back in the 1700s, and leaders 

today are barely holding on to understanding the market (Farmer, 2009).  Farmer pushes 

the need for agent-based modeling in the economy because there are current models 

being used that only focus on perfect world situations and ones that follow common 

sense, specifically one that is empirical and statistical using past data to predict only a 
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few quarters ahead and the other one called “dynamic stochastic general equilibrium” 

(Farmer, 2009).  These methods represent the paradigm of using mathematical 

approaches to understand complex systems, and it follows that there is much to learn if 

only this paradigm is pursued for knowledge about the system.   

As suggested earlier in this chapter, a major problem that exist within these 

economic models is that there is a lot of reduced complexity to save on computation, but 

it hurts the understanding of behavior without including many of the nonlinearities 

(Farmer, 2009).  This is analogous of being to the left side of the Medawar zone plot in 

Figure 2-5, where the model is too simple to understand the systems true behavior.  By 

increasing the complexity of these models, the community can better understand the 

market to help inform policy makers.  Other policy makers within the disaster relief 

community are taking advantage of these models by using agent-based modeling to 

predict hurricane evacuation times that further support policy needs (Chen, 2006).  Chen 

conducted research using VISSIM, a stochastic driven agent-based modeling tool to 

understand behavior and produce results with 95% confidence (Chen, 2006).  As other 

fields begin to adopt the appropriate level of detail within their models, they can use them 

in their domains to better predict system performance and acquire true understanding of 

their designs.  Balancing the level of complexity within the model is an important aspect 

of designing and developing complex adaptive systems, and it includes acquiring 

agreement between all stakeholders to ensure developers are solving the right problems 

for the right reasons.  The framework presented in Chapter 3 will provide a structured 

process that highlights the goals of the system so that the problem and requirements 

capture appropriate levels of detail for the simulation use for design. 
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2.4.4 Modeling and Simulation Related Work 

 

 Modeling and simulation enable this framework to truly exercise tradeoffs 

amongst the -ilities using metrics from stakeholders that are tied together by goal-

oriented processes.  The literature documents the need for such a framework and capture 

various strategies, recommendations and approaches for doing such a task.   Many 

researchers have begun to thread important topics together supporting this framework.  It 

is important to carefully identify the points where they left off so this research can tie lose 

ends and advance this knowledge forward when simulating and evaluating CASs.  

Analyzing the emergent behavior of a CAS requires an evaluation method and 

acceptable criteria.  Simulation is a promising approach for assessing the performance 

autonomous behaviors since it can best represent the actual environment where the 

physical system performs.  Klenk discussed an approach for Goal Driven Autonomy that 

incorporates a conceptual model called ARTUE (Autonomous Response to Unexpected 

Events) to help improve the performance of autonomous systems when they respond to 

unexpected events and unseen objects (Klenk, 2013).  Simulation is used to help assess 

the performance of these responses, but there is still a need to provide clearer taxonomy 

for tasks and goals to help improve the developer’s domain knowledge for the autonomy.  

Performance criteria can also be represented by the desired system -ilities that line up 

directly with the stakeholder needs.  Since many stakeholders are invested in the system 

throughout its lifecycle, these -ilities should be evaluated over the entire mission lifecycle 

for assessing performance and to help identify risks for each stakeholder.  Guariniello 

developed an approach involving integrated analysis of system dependencies to quantify 

and compare -ilities for system of systems based on fundamental network analysis 
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concepts (Guariniello, 2014).  The author emphasized that the approach serves as an 

initial process towards a full analysis and quantification of desired metrics for system of 

system development, and this can be extended to CASs due to similar needs of 

understanding emergent behavior.   

2.5 Research Needs and Chapter Summary 

 

Unfortunately, there has not been a holistic approach for evaluating the 

autonomous behaviors of CASs against stakeholder needs throughout the entire system 

lifecycle.   It is also important to address the appropriate evaluation criteria definitions 

related to the quality of service provided by the CAS.  The intent is of this research is to 

illustrate a process for evaluating stakeholder needs so that developers can properly 

analyze autonomous behaviors in an organized, efficient, and inclusive manner for all 

stakeholders.  Additionally, this research highlights the framework as a process for 

developing meaningful metrics for the -ilities within the context of CASs.  The 

framework will serve to identify and reduce unexpected performance early in the design 

phase to save resources, redesigns and re-writes well beyond system delivery. 
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Chapter 3 - Methodology 

 

This chapter focuses on applying the framework to the chosen case study.  It starts 

by identifying key stakeholders for the swarming unmanned system application and the 

particular -ilities of interest to properly frame the metrics needed for analysis.  Then, the 

KAOS modeling framework is explained in more detail before moving into the use case 

and simulation details.  These are the first three steps of the framework required to 

quantify system performance in the eyes of the stakeholder before moving on to the final 

step, detailed in chapter 4, on statistical analysis from planned experiments. 

3.1 Stakeholder Needs and the -ilities 

 

The Systems Engineering Book of Knowledge (SEBoK, 2019) describes a list of 

stakeholders and their general interests throughout a system’s total lifecycle.   Although 

their roles and interests are generally defined, sometimes these roles overlap or coincide 

with each other based on the system of interest or specific acquisition structure (SEBoK, 

2019).  Various types of stakeholders include buyers, suppliers, users, decision 

authorities, clients, owners, and consumers.  A critical subset of these stakeholders must 

be considered when developing swarming unmanned systems, and their needs must be 

clear during the beginning phases of system development.   

Our case study will analyze various autonomous behaviors in unmanned surface 

vehicles (USVs) when executing numerous concurrent tasks in various geographical 

regions.  The system of interest includes the vehicle, environment, and any entity 

supporting these vehicles.  A list of specific stakeholders for this case study is found in 

Table 3-1 below:   
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Table 3-1 Stakeholder for Swarming Unmanned Surface Vehicles 

Stakeholder Responsibility  Description 

Regulator Ensures safe operation and 

design of the system 

Interested in safety of other 

commercial entities and 

environment 

Developer Facilitates and executes the 

design  

Focused on flexible 

implementation 

User Operates the system to 

achieve mission success 

Desires optimal system 

performance effective for the 

various applications 

Maintainer Maintains system throughout 

operational life 

Appreciates a maintainable system 

with low downtime 

Buyer Optimizes financial resources 

for system acquisition  

Wants minimize costs throughout 

the system 

 

Each stakeholder has a unique interest in the system that may compete throughout the 

system’s operational life, and it is important to identify where these conflicts are for 

refining the autonomous behaviors as needed.  For instance, a user may find that more 

automation helps with their workload, but it may require the developer to implement a 

more complicated design to handle automation flexibility.  These interests and conflicts 

are related to the descriptions in Table 3-1 and will be further described in the next few 

sections.   

Regulators 

Regulatory authorities are primarily interested in safe operations for the system of 

interest.  They are the enforcers of rules created by large societies, governments, and 

consortiums to keep platforms, people, environment, and property safe.  Lloyds Register 

is a classification society that focuses on maritime engineering standards and best 

development practices for ships’ safety.  They generally set higher-level requirements 

that cover navigation, collision and obstacle avoidance, communication protocols, and 

adequate propulsion needs (Lloyds Register, 2017).  Det Norske Veritas and 
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Germanischer Lloyd (DNV-GL) also have interest similar to Lloyds Register with respect 

to safety at sea.  Their guidance on USVs provides a risk-based structure that addresses 

the novelty and immaturity of unmanned systems while balancing safety of vessels and 

the environment (DNVGL, 2018).   The European Commission has policies that focus on 

implementing universal maritime surveillance systems to help with vessel 

interoperability.  These systems are in place to help with maritime situational awareness 

that can be used by all vessels in the appropriate maritime jurisdictions (European 

Commission’s Integrated Maritime Policy for the EU, 2008).  Regulators also must 

consider who might be responsible for any unforeseen mishaps of vessel collisions, loss 

of life, and loss of cargo at sea, and it becomes difficult to determine who is liable as a 

result of these incidents (Giunta, 2015). 

 

Developers 

Developers are people who focus on designing and delivering swarming 

unmanned systems to include engineers, analysists, testing engineers, and project 

managers (Ballejos, 2008).   Software engineers are primarily responsible for the 

behavioral procedures needed for accomplishing system requirements.  Typically, 

developers focus on satisfying the sponsor or customer’s needs, but they do not always 

think of additional stakeholders who are also interested in the system or environment 

(Giles, 2019).  With resource constraints in mind, such as time and money, developers 

will focus primarily on a solution that meets mission objectives.  It will be important for 

this group to understand other stakeholder needs for incorporating into the system design 

with respect to autonomous behaviors.  Capturing these needs are presumed challenging 

since software engineers tend to not read system requirement specifications during 



 

64 

 

development as detailed as the requirement engineers would like them to (Ellis-

Braithwaite, 2017).  Having a process in place to help software engineers understand the 

requirements better, other than written specifications, will be extremely useful.  Software 

development practices have been growing more and more into an agile development 

culture that typically focuses efforts on user and customer needs.  Agile approaches are 

efficient for getting solutions into the environment quickly, and it requires fewer formal 

specifications to execute (Belsis, 2014).  However, maintainers, regulators, buyers, and 

users supporting the full system lifecycle may not be involved in this process resulting in 

their needs becoming lower in priority.   

 

Users 

Users are stakeholders who operate the system during mission operations to 

control and monitor performance.  Generally, the user of a swarming unmanned system 

will exercise human supervisory control.   The amount of interaction between the users 

and the system will depend on how often the swarm deviates from system objectives.  

Specifically, users’ responsibilities include command and control, monitoring 

autonomous behavior, mission performance, remote operations, and mission planning 

(Goldberg, 2010).   Users will take control of individual agents within the swarm when 

agent performance and behaviors conflict with primary objectives.  These interventions 

consist of any corrections needed to facilitate collision of avoidance, navigation 

assistance, improve performance, fault management, and general system failures that 

impact swarm coordination.  Most of these interventions and impacts come from safety 

concerns potentially caused by unstable control regimes within the environment, graphic 

user interface constraints, and general user cognitive loads (Duncan, 2014).  After 
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acquiring experience recovering from these issues with using the system over time, users 

will gain knowledge and experience to help them with future decisions and conflicts 

during the mission.  The information users learn overtime becomes valuable and can be 

fed back into the autonomous behavioral design iterations with developers (Chen, 2011). 

 

Maintainers 

Maintainers are stakeholders who facilitate repairs and conduct preventative 

maintenance on the physical system throughout the system operational life.   They are a 

combination of operators and maintenance staff that execute and support maintenance 

and repair functions over time.  Their goals focus on keeping the system running as well 

as reducing excessive maintenance.  Preventative maintenance evolutions and tasks are 

typically planned by the maintainers in systems to help reduce down-times (Durazo-

Cardenas, 2018).  These downtimes can not only reduce availability for the customers, 

but they can also incur costs depending on how extensive the required maintenance may 

be (Trappey, 2013).  Autonomous behaviors implemented on a swarm agent can affect 

how often repairs and support operations are conducted on the physical system, 

especially if the environment is not considered fully during design (Salehie, 2009).  

Autonomous behaviors can cause members of the swarm to make decisions about their 

movements, communication methods and other functions related to environmental 

interaction.  Impacts related to component failures and fuel usage have the potential to 

significantly affect the system’s logistics chain down to numerous vendors depending 

upon the supply chain structure (Söderholm, 2007).  Developers will not understand these 

implications if the developers are not promptly informed during development. The result 

is more work for maintainers long after the software is delivered.   



 

66 

 

 

Buyers 

Buyers are stakeholders who focus on overall system cost throughout the 

lifecycle.  They are the ones who are truly resource constrained and will make decisions 

based on cost when balancing mission needs.  The buyer is not always the same as the 

end user, so it becomes critical to understand the relationship between all stakeholders 

depending on the project.  Buyers will focus on spending the existing amount of money 

to deliver final products, but they can only fund efforts for a few years a t a time.  A lack 

of resources puts pressure on program managers to choose speed of implementation over 

longer-term cost-savings.  One approach to help illustrate the trade is to show how 

longer-term impacts will affect the entire program over a few years or decades depending 

on system lifecycle duration.  The framework presented aims to help assist the buyer and 

all parties with these unforeseen considerations during the autonomous behavior 

development process. 

Each stakeholder wants to optimize the system at different points throughout the 

systems operational life.  Their goals and desired quality attributes are known as non-

functional requirements, or the “-ilities”, for the system.  Non-functional requirements 

contain attribute qualities such as adaptability, flexibility, maintainability, sustainability, 

survivability, usability, interoperability, affordability, and scalability to help describe 

performance needs based on their goals (Kang, 2014; Ross 2008).  The stakeholders 

mentioned earlier in this paper have been assigned specific -ilities for the goal synthesis 

process and can be found in Table 3-2. 

Table 3-2 Stakeholder Qualities (-ilities) 
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Stakeholder Type Quality (-ility) 

Regulator Survivability 

Developer Flexibility 

User Usability 

Maintainer Maintainability 

Buyer Affordability 

  

Other types of stakeholders and qualities may be examined, but these were chosen 

specifically for this case study.  Some stakeholders share similar qualities, but most 

stakeholders have a unique priority amongst these various qualities.  These -ilities can be 

domain agnostic, however, the case-study presented illustrates how to step through the 

framework for determining measured parameters for developing autonomous behaviors 

in software for swarming USVs.   

Due to their conflicting goals and availability, managing stakeholder expectations 

and goals during the software development process can become challenging.  Capturing 

all needs in one location for concurrence to facilitate software development will be useful 

for requirement traceability.  Integrating stakeholder views using visual representations 

will become the future for systems engineering and integration efforts.  The methodology 

chosen for facilitating this is a Goal Oriented Requirements Engineering process called 

KAOS, which provides structure for goal mapping. 

3.2 Goal Modeling - KAOS  

 

After defining relevant stakeholders and their associated -ilities, the goal 

modeling process is used to help organize requirements in a structured way to facilitate 

mapping higher system level goals to lower level software requirements for autonomous 

behaviors (De Landtshee, 2003).  Goals are desired system properties expressed by the 
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stakeholder (SEBoK, 2019).  Goal Oriented Requirements Engineering (GORE) focuses 

on eliciting higher-level goals for a system that can be further refined for specific agent 

or object allocation and assignment (Van Lamsweerde, 1998).  The KAOS methodology 

was chosen to facilitate this process due to its expressive nature and ability to incorporate 

goals for both system and software aspects when integrated together with the system 

environment (De Landtshee, 2003; Nguyen, 2018) [38].  Visual representations of goals 

are typically realized through interviews, subject matter expert input, or existing system 

documentation to help identify generic goal patterns.  Figure 3-1 shows an example 

structure of KAOS goal modeling for a general system of interest (Respect-IT, 2007).   

 

Figure 3-1 KAOS Goal Model Generic Pattern 

The diagram shows how the generic KAOS goal model captures both functional 

requirements and non-functional requirements of a given system.  As discussed in the 

previous sections, the non-functional requirements are prescribed by the desired system 

lifecycle qualities while the functional requirements are prescribed by the primary 

missions of the swarming unmanned system.  The KAOS methodology forces refinement 

of these higher-level goals by asking the how, when, why, what, and who for supporting 
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rational and entities needed to complete the higher-level goals (Van Lamsweerde, 1998).  

The next few subsections will describe this methodology in more detail as well as context 

for the swarming system for evaluation. 

3.2.1 KAOS Detailed Description 

 

 KAOS methodology involves using a specification language, an elaboration 

method, and tool to support software elicitation requirements development for a system 

(Van Lamsweerde, 2000; Lezcano, 2015).  The graphical depictions in Figure 3-1 show 

how parallelograms represent goals and goal refinements while the arrows point in the 

direction of the higher-level goals (Fredericks, 2014).  KAOS specifically utilizes 

AND/OR refinements, where an AND refinement means that all subgoals connected to 

that node must be satisfied to support the higher goal, while an OR refinement means that 

at least one of the subgoals must be met to satisfy the higher goal.  Subgoals are 

decomposed further until specific requirements, processes and domain properties are 

achieved (Zapata, 2013).  Requirements help identify key software functions necessary to 

support higher level goals by a software agent, and the goal modeling process facilitates 

assigning responsibility from the software agent to a higher-level goal.  All steps are 

aimed at developing the system to be, and this research addresses a notional swarming 

wave glider system as a CAS to demonstrate a systematic approach to the framework. 

3.2.2 Case-Study for KAOS:  Swarming Missions 

 

Understanding the needs of the system of interest is critical for goal model 

development using KAOS methodology.  The USV is called a wave glider, see Figure 3-

2, and it uses wave and solar energy and power to propel itself as shown in Figure 3-3 
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(Cervino, 2017).  A swarm of wave gliders working together to achieve different 

objectives in a CAS that interacts with its environment and exhibits emergent behaviors.   

 

Figure 3-2 Wave Glider Platform Arrangement Details © The Johns Hopkins University Applied 
Physics Lab 

 

Figure 3-3 Wave Glider Using Wave Energy for Propulsion © The Johns Hopkins University 
Applied Physics Lab 
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Each wave glider exhibits local interactions with other wave gliders and its 

environment to complete mission objectives using emergent behaviors throughout the 

system life cycle.  These local interactions include short range communications, 

environmental sensing, and collision avoidance.  Wave gliders can operate autonomously 

or remotely piloted from anywhere in the world using an Iridium satellite 

communications link as shown in Figure 3-4.   

 

Figure 3-4 Wave Glider Operational Scheme and Arrangement – (Image Courtesy of Liquid 
Robotics). 

The operational mode analyzed in this framework consists of wave gliders 

operating semi-autonomously by wave glider pilots located in an arbitrary control center.  

Operators can send a fleet of wave gliders to any location for conducting a mission over a 

period of years ideally without intervening.  The only time support personnel interact 

with a wave glider is to physically launch and recover each one for data extraction, 
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cleaning, maintenance, and repairs.  Autonomous behaviors such as collision avoidance 

and target identification will initiate each intervention process throughout the operational 

life of the vehicle based on vehicle resource and health status. 

The following missions were considered for this case-study:  searching for 

downed aircraft, collecting persistent data, and sustaining a mobile communications grid.  

The first mission’s goal is to help locate a downed aircraft somewhere in the ocean using 

acoustic sensors to locate the aircraft’s acoustic locator beacon.  The second mission is to 

provide a customer with persistent data collection for scientific needs.  The last mission is 

to serve as a mobile communications grid to send communications from one part of the 

ocean to another part of the ocean.  For the case study, these three missions are conducted 

simultaneously during wave glider operations, and in order to measure performance of 

the autonomous behaviors within the system, each of the stakeholder’s goals need to map 

to the defined performance metrics in the simulation.  Goal modeling helped facilitate 

this process by tying swarming wave glider system missions together with the desired 

stakeholder lifecycle qualities.     

3.3 Developing the Goal Model 

 

The primary system goal was operating a fleet of wave gliders to conduct 

simultaneous, multi-mission operations while meeting requirements for all involved 

stakeholders.  The KAOS goal modeling technique focused on iterating through a few 

key steps (Van Lamsweerde, 1998; Respect-IT, 2007): 

1. Goal elicitation from interviews, documentation, and subject matter experts 

2. Defining objects, operations, and classes from goals 
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3. Assigning operations and requirements to agents 

There are other types of models within the KAOS modeling framework such as the 

responsibility model, object model, and operations model, but this research focused on 

refining the goal model to map high level requirements to the autonomous behaviors in 

the software required for developing the swarming wave glider system (Respect-IT, 

2007).  The traceability provided by the goal model ensured each software module 

captured relevant autonomous behaviors for the system to help satisfy stakeholder’s 

needs. 

The first level of goal refinement involved separating out the three missions and 

binning the non-functional requirements.  Figure 3-5 shows the highest goal broken out 

into four subgoals using an AND node.  This is the start of refining general stakeholder 

needs into contextual stakeholder requirements within the goal modeling process using 

the case study as the system of interest.   Per the diagram, the wave glider system 

satisfying stakeholder needs must execute missions related to “Persistent data collection”, 

“Search for aircraft”, and “Mobile communications network” (functional goals) while 

also satisfying non-functional requirements (soft goals).  Each goal is broken down 

further into subgoals.  The mission subgoals are further refined using AND nodes while 

the non-functional requirements goal is refined into five subgoals using another AND 

node.  “Persistent data collection” is refined into “Data offload” and “Find new data” 

using an AND node.  “Search for aircraft” is refined into “Signal search” and “Sense 

signal” using an AND node.  “Mobile communications network” is refined into “Sweep 

area”, “Carry messages”, and “Power communications” using an AND node.  The “Non-

functional requirements” goal is refined into “Survivability”, “Affordability”, 
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“Maintainability”, “Usability”, and “Flexibility” using an AND node.   The non-

functional requirements represent the -ilities as prescribed in the previous section from 

the relevant stakeholders.  Goals are tied together during the next refinement phase of the 

goal model diagram. 
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Figure 3-5 Wave Glider System Initial Goal Model
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The next level of goal refinement is shown in Figure 3-6.  Underneath the original 

goals, processes and subgoals were defined that further support the first level goals for 

the purposes of tracking necessary details for simulation development.  The subgoal 

“Position for recovery” process supports the original “Data offload” goal, but it does not 

support the “Find new data” goal which is denoted by the lightning bolt symbol placed on 

the link.  This is because when a wave glider needs to offload data, it must navigate to a 

central position in the operational area for routine recovery operations by a bigger, 

separate platform.  The reason it does not support the “Find new data” goal is that wave 

gliders must continue to search and explore the operational area, which cannot happen at 

the same time during recovery.   

The subgoal “Reduce damaged gliders” supports both “Survivability” and 

“Maintainability”.  Survivability supports ship safety and the environment, so reducing 

damage to gliders and passing ships helps with system Survivability.  Additionally, 

Maintainability is a goal that favors the reduction of costly maintenance and repairs while 

increasing the amount of availability. Since availability is the probability that a system 

can be used when requested, minimizing maintainability lowers the amount of down time 

for the system so that it can actually be used when called upon.  Reducing damage to the 

wave gliders will support this goal since damage usually equates to increase repairs.  

“Manage energy” is a subgoal that supports both a functional requirement and a non-

functional requirement.  The functional requirement of “Power comms” is supported by 

“Manage Energy” since the communications system on a wave glider will need energy to 

transmit and receive messages.  The non-functional requirements of “Usability” and 
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“Maintainability” are supported by “Manage energy” because reducing the operators’ 

mental burden for managing wave glider energy resources will reduce the need for 

manual commanding, and reducing thruster use due to a well-regulated battery level 

helps prevent increased down-time from thruster overuse.   

“Reduce recoveries” is a subgoal that supports “Affordability”, “Maintainability”, 

and “Usability”.  Recovering wave gliders involves sending a support surface vessel with 

a working crew to execute the physical removal of the wave glider from the ocean.  

These support services cost money for the responsible organization, so reducing these 

events helps to save cost.  Since the wave glider launch and recovery process also 

involves reducing the systems availability due to the out of water time, it is desired to 

keep this event from occurring frequently.  Minimizing this process also supports users 

because wave gliders continue to perform the missions currently tasked rather than 

disengaging from the operational area.  “Reduce message times” directly supports 

“Usability” since wave glider pilots will not have to concern themselves with monitoring 

message traffic from ship to ship if these messages can be delivered quickly.  This means 

that operators do not have to use mental resources to manually command each wave 

glider in the system to align themselves spatially to close communication links since the 

wave gliders are moving autonomously to facilitate this function. The subgoal “Increase 

coverage” supports “Flexibility” but it conflicts with “Position for recovery”.  Flexibility 

favors the system’s ability to change in various conditions while maintaining 

performance.  “Increase coverage” does not support the “Position for recovery” process 

since positioning wave gliders to a central location for “Data offload” causes wave 

gliders to not increase coverage. The “Reduce collisions” subgoal supports “Reduce 
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damaged gliders” subgoal since a collision can result in damage to the glider, so reducing 

collisions will result in less damage to gliders. 

The “Move gliders” subgoal supports many other subgoals and processes 

throughout the goal model to include: “Position for recovery”, “Find new data”, “Signal 

search”, “Sweep area”, “Reduce message time”, “Increase coverage”, and “Reduce 

collisions”.  Each goal requires the wave glider to move from its original position to a 

new position or to coordinate their positions with other wave gliders for capitalizing on 

emergent behaviors for the larger CAS.  “Move gliders” appears to be a main subgoal in 

the system that ensures many of the higher-level goals and processes are executed 

appropriately.  The final subgoal for this round of refinement is “Thruster management” 

which supports the “Move gliders” subgoal and the “Manage energy” subgoal.  “Thruster 

management” helps control how fast the gliders move based on environmental conditions 

and energy usage to support the “Move gliders” subgoal.  “Thruster management” also 

impacts the way energy is controlled within the wave glider and hence supports the 

“Manage energy” subgoal.  With subgoals, operations and processes defined and linked, 

the next steps are to identify and prescribe agents for completeness of the goal model.
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Figure 3-6 Wave Glider System Refined Goal Model 
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Figure 3-7 shows the final goal model that maps higher-level goals to the software 

modules needed to execute behaviors for mission success in accordance with 

stakeholders needs.  These modules are lines of code that capture each of the direct 

relationships made between the goals prescribed to them.  The first module on the left 

side is the “Movement module”.  All movements needed to satisfy mission goals and 

stakeholder needs are captured here and can run in parallel during mission time.  The next 

module is the “Data collect module” which is responsible for the “Move glider”, “Find 

new data”, and “Sense signal” subgoals.  This module helps organize the commands and 

functions necessary to describe the behavior of how each wave glider captures new data 

and signals throughout the mission.  Energy management was not allocated to data 

collection components since it was assumed the amount of energy is negligible for these 

applications.   

The “Thruster module” is responsible for the “Move glider” and “Thruster 

management” subgoals.  All commands needed to develop the thrust necessary to move 

the glider and by how much is captured here.  Algorithms for managing the amount of 

thrust allocation based on energy usage and environmental conditions are also captured 

here.  The “Energy module” is responsible for the “Thruster management” and “Manage 

energy” subgoals in order to capture the relationship between thruster and energy within 

the wave glider.  The “Communications module” is responsible for the “Reduce message 

time”, “Carry messages”, and “Manage energy” subgoals by capturing the behaviors of 

passing messages within certain distances, tracking message times for the overall system, 

and controlling energy usage for sending messages throughout the mission.  These 
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software modules are software agents within each wave glider that help define the 

autonomous behaviors responsible for supporting goals.  In order to measure the system 

performance, especially with respect to the desired -ilities, simulation experiments were 

conducted to help quantify the performance of the system with respect to stakeholders’ 

needs using this mapping process as a guide.
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Figure 3-7 Final Goal Model for Mapping Software Module
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3.4 Simulation 

 

Now that stakeholders are defined, goals are well articulated, and traceability is 

understood for the development of autonomy software requirements, the simulation can 

be structured to assist with evaluation.  The next step in this framework is to conduct 

simulation experiments to provide meaningful results for measuring CAS behaviors for 

the autonomous swarming wave glider system.  NetLogo was used for this framework as 

a user-friendly, agent-based modeling software created to facilitate the understanding of 

CASs.  Autonomous unmanned systems can be represented as a CAS simulated in 

NetLogo over its lifecycle.  It is important to capture the vehicle properties, 

environmental properties, and autonomous behaviors in the simulation necessary for 

evaluating a complete system.  Additionally, NetLogo provides convenient monitors for 

tracking stakeholder driven output corresponding to their desired -ilities.  These monitors 

are helpful in reporting results for proper data management, handling, and analysis.  

3.4.1 Missions and Environment 

 

Three different geographical regions of the world’s oceans were used to compare 

performance using oceanographic data from truth data (Panoply, 2018).  See Figure 3-8 

showing the three different operational zones chosen for this simulation: Z1 for the 

Pacific Ocean, Z2 for the Atlantic Ocean, and Z3 for the Indian Ocean.  Comparing 

various locations is an attempt to illustrate how the swarming wave glider system is 

affected by its environment. 
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Figure 3-8 Panoply Database Interface Showing Operational Zones.  Data for Ocean Currents in 
2018 from Panoply Database Created by NASA Goddard Institute for Space Studies. 

The typical operation of a wave glider starts out with being deployed from a large surface 

ship into the water for navigating to the operational area.  Once free from the deployed 

vessel, the wave glider pilot can set waypoints and operational bounds using the 

command and control system within the piloting software.  Wave glider navigation is 

done remotely by the operator or autonomously once way-point navigation is set.  After 

reaching the operational area, the pilot can set up autonomous features and modes to 

allow the wave glider to operate without pilot intervention depending on the mission.  If 

there are any operational issues, faults or performance concerns, then the wave glider 

pilot can manually take control of the wave glider to prevent further issues.   

Wave gliders can return to a recovery point, usually the same location as the 

launch point, to either receive repairs or have data extracted from payload boxes installed 

onboard each wave glider.  All communications are sent through either iridium satellites 
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or, if in proximity, radios installed on the gliders based on the customer’s needs.  Sensors 

typically consist of acoustic, telemetry, optical, and other oceanographic environmental 

needs relevant to the mission.  When operating a fleet of wave gliders, their positions and 

health status are all monitored by the command and control system over Iridium 

communications, but each wave glider may not communicate with each other through 

Iridium communications.  They can only communicate to each other when relaying 

messages through custom, local radio communications that are limited by line of sight.   

Wave gliders cannot be detected by routine marine vessels, but wave gliders can see 

other marine vessels via the Automatic Identification System.  Autonomous behaviors are 

written to help avoid maritime traffic without the intervention of a pilot.  

3.4.2 Agent-Based Simulation  

 

Performing agent-based simulation is a critical part in the framework for 

evaluating the -ilities since it provides the ability to run multiple scenarios for properly 

assessing CASs within the environment (Zhang, 2018).  Developing the goal model helps 

identify stakeholders’ needed functions, autonomy, and simulation structure for analyzing 

the wave glider system with respect to the -ilities.  The goal diagram in Figure 3-7 lists 

the software modules that can be further refined within the NetLogo code to enhance 

system performance, demonstrate goal conflicts, and evaluate autonomous behaviors.   

NetLogo was chosen because of its primary strength for modeling numerous agents 

exhibiting local interactions between themselves and their environment in 2-D space 

(Railsback, 2006).  A system software block diagram is in Figure 3-9 for illustrating what 

modules are allocated for the wave glider, environment, and other software simulation 

agents. 
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Figure 3-9 Simulation Module Layout 

The wave glider platform block contains five modules that help with decision-

making and vehicle control: Communications, Energy Storage, Data Collect, Movement, 

and Thrust modules.  All wave glider communication logic is stored on the 

communication module to help determine when to pass messages along to another wave 

glider.  The energy storage module helps regulate onboard battery life of the platform 

which depends on solar panels, thruster, and radios.  Data collection is handled by the 

data collect module which focuses on time-tagging data and data offload procedures for 

wave glider recovery. The movement module executes all necessary movements needed 

to support mission goals and operational procedures.  Wave glider propulsion is managed 

by the thrust module with autonomous set points based on the environment and battery 

life within the vehicle. 

The environmental block holds additional modules for simulating the 

environment and missions.  Marine Traffic, Aircraft Locator Beacon, and Comms Relay 

modules all focus on simulating the behaviors and interactions of environmental agents 

that wave gliders need to interact with, sense, or avoid.  The ocean currents, cloud 
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coverage, ocean data latency, and sea state modules all help describe the environmental 

changes and disturbances that affect the wave glider.  These software modules are written 

in the NetLogo script for simulating system performance and behavior.   

Figure 3-10 shows a simplified scenario with fewer wave gliders for easy 

viewing.    The wave glider is represented by the winged vehicle whereas the narrow 

pentagons represent other surface ships in the operational area.  The central triangle 

represents the launch and recovery point that all wave gliders return to for recovery and 

data offloading purposes.  Stationary flags are located at the left and right side of the 

operation area to represent communication nodes for sending and receiving messages.  

Patches, individual squares seen on the interface, within the environment change color 

based on the recent data collected within the square.  For instance, the darker patches 

mean that data has not been collected for some time while the lighter patches mean that a 

wave glider recently collected data in that patch.  Communication links appear between 

wave gliders when they are within a certain range of one another and when the battery 

life remains within the threshold found in the comms algorithm to conserve power.  

Visualizing the communications link helps the developer assess the system’s 

communication ability based on proximity and clustering of gliders.  



 

88 

 

 

Figure 3-10 Wave Glider 2D World 

The operational area is 60 by 40 patches in size which represents 20 degrees wide 

in longitude by 13 degrees high in latitude in order to line up with the data provided by 

Panoply for each operational zone.  As a result, the entire operational area is 1200 

nautical miles (NM) wide from east to west by 780 NM long from north to south with 

each patch representing a 20 NM wide by 19.5 NM long area.  At the beginning of the 

simulation, all wave gliders are randomly distributed throughout the environment at 

random locations.  A downed aircraft scenario is simulated by setting a splash-down time 

near the middle of the simulation duration.  The splash-down start time is randomly 

distributed from 15,000 hours to 20,000 hours after simulation start time while the entire 

simulation duration is 52,560 hours or 6 years of the system life cycle.  Having the 

downed aircraft scenario start near the middle of the simulation helps decouple 

interferences from the initial conditions and set up of the simulation.  The surface ships 

start with a random location on the operational area edges and travel only in a horizontal 

or vertical direction without changing course.  Each ship represents large marine vessels 
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such as oil tankers, cargo ships, cruise ships, and ferries that may have difficulty spotting 

the smaller wave gliders due to their size.    

Each wave glider has specified thruster speeds of slow, medium, fast and off.  The 

algorithms found in the thruster module dictate thruster speeds based off wave glider 

battery life levels.  If the battery level is low, then the thruster algorithm tells the thruster 

to either thrust at a slow speed or not at all in order to save battery life.  This ensures the 

wave glider will last throughout the intended life cycle without completely draining the 

battery.  When the battery level is high, then the algorithm uses the thruster at a higher 

speed setting to help reach the objective quicker.  The battery’s ability to recharge is 

based on the availability of sunlight on each patch.  Each patch contains a pseudo 

randomly distributed value for sea state and sunlight that is then adjusted using the 

diffuse command in NetLogo.  The diffuse command helps smooth distribution for a 

reasonable topography by enabling adjacent patches to share a percentage of their 

environmental values with each other.   

Figure 3-11 shows the NetLogo interface developed for this simulation.  NetLogo 

has a 2D view of the simulation environment typically displayed in the middle with 

surrounding space for other features.  The programmer can place sliders, buttons, 

monitors, and plots for setting variables, initializing functions, tracking resources and 

observing system behaviors.  The wave glider system simulation contains an environment 

represented by either Z1, Z2, or Z3, sliders for various input variables, monitors for 

desired performance metrics, and plots to understand how certain performance metrics 

vary with time.   
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Figure 3-11 NetLogo Interface for Wave Glider Swarm Simulation 

Wave gliders move throughout the environment continuously without stopping 

because the wave glider platform design induces forward motion with the ocean waves 

and swells.  The movement module contains the movement behaviors and their 

relationship to ocean current velocities.  Wave glider speeds are impacted by ocean 

current velocities that cause each wave glider to slow down or speed up depending on 

how the current crosses paths the wave glider.  One major assumption is that each wave 

glider will continue linearly on its course until encountering either a course adjustment or 

operational boundary avoidance situation.  Future iterations of this model may 

incorporate a more complex, physics-based model to include wave glider generic shapes 

and mass for quantifying additional hydrodynamic affects.  

The movement model also includes simple rules for each wave glider to help 

avoid other wave gliders and vessels by adjusting its own course.  Each glider has its own 

vision cone and vision distance that identifies objects nearby, then the course adjust 
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algorithm is executed based on the closest vessel to the wave glider.  Below is a 

movement algorithm used in the simulation: 

𝑖𝑓 𝑑𝑐𝑙𝑜𝑠𝑒 > 𝑥 𝑎𝑛𝑑 𝜃𝑤𝑔 + 𝜃𝑣 > 360°, 𝑡ℎ𝑒𝑛 𝜃𝑤𝑔_𝑛𝑒𝑤

= 𝜃𝑤𝑔 + 𝜃𝑡𝑢𝑟𝑛                                                                                        (3.1) 

𝑖𝑓 𝑑𝑐𝑙𝑜𝑠𝑒 > 𝑥 𝑎𝑛𝑑 𝜃𝑤𝑔 + 𝜃𝑣 < 360°, 𝑡ℎ𝑒𝑛 𝜃𝑤𝑔_𝑛𝑒𝑤

= 𝜃𝑤𝑔 − 𝜃𝑡𝑢𝑟𝑛                                                                                        (3.2) 

The variable 𝑑𝑐𝑙𝑜𝑠𝑒 is the closest distance in patches of a neighboring agent which is 

either a wave glider or a vessel.  The heading terms 𝜃𝑤𝑔 and 𝜃𝑤𝑔_𝑛𝑒𝑤 represent the 

original wave glider heading and new wave glider heading respectively.  The variable 𝜃𝑣 

is the heading of the closest neighboring vessel and 𝜃𝑡𝑢𝑟𝑛 is the amount of degrees set for 

executing a turn to avoid approaching vessels.  For example, if a wave glider is heading 

due north at 0o while an oncoming vessel is heading due south at 180o, then the algorithm 

states that at a distance greater than 𝑥 patches from each other within the wave glider’s 

vision cone, the wave glider will turn by changing its heading the amount set by −𝜃𝑡𝑢𝑟𝑛 .  

If 𝜃𝑡𝑢𝑟𝑛 is set to 25o, then the wave glider will adjust course from 0o north to 335o by 

turning left to accommodate the needed adjustment.  If the other vessel is a wave glider, 

then it will also adjust its course by 25o by turning left which also helps the situation by 

avoiding a potential collision.  Wave gliders will also change their course based on 

launch and recovery needs.  These are driven by data storage limitations that can be 

adjusted by the model to simulate how hardware improvements can impact performance 

over time.  Once the amount of data storage allocated to each wave glider is full, the 

recovery algorithm commands the wave glider to the recovery point for data offload.   
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3.4.3 Performance Criteria 

 

Since stakeholders’ needs should be satisfied throughout the system lifecycle, it is 

important to base the performance criteria off the non-functional requirements defined by 

those stakeholders.  These non-functional requirements were listed in Table 3-2 as 

Survivability, Maintainability, Usability, Flexibility, and Affordability.  Survivability can 

be measured using the subgoal “Avoid collisions” from the goal model.  In the 

simulation, NetLogo can measure the amount of collisions that occur during the entire 

lifecycle of the system.  Fewer collisions are desired by the regulator stakeholder defined 

in the first section of the paper.   

Maintainability is monitored by thruster speed during the system lifecycle.  In 

general, shaft speeds are one of the major factors in an overall pump, compressor, or fan 

performance throughout its service life (MacAngus-Gerrard, 2018).  An increase in 

thruster revolutions per minute (RPM), resulting in a faster thruster speed, will likely 

increase maintenance for each glider due to reducing the reliability factor for the 

mechanical components on the thruster (Budris, 2010; Jones, 2011).  Reduced reliability 

means that the mean time between repair (MTBR) for a wave glider thruster will decrease 

requiring more time out of water for each wave glider throughout the lifecycle (Petritoli, 

2018).  A maintainer’s goal is to have fewer maintenance periods over the lifecycle to 

reduce down-time and overall maintenance efforts.   

Usability is indirectly measured by the time required for the swarming agents to 

pass a message between communication nodes.  A message will travel across the 

operational zone quicker if the communication links between gliders in the swarm are 

closed with increased proximity with each other.  Not only do the links have to be closed, 
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but they have to be closed in a way to ensure the message travels from the western area of 

the zone to the eastern area.  Shorter message time durations lead to wave glider pilots 

spending less time worrying about closing communication links while executing other 

tasks.  Autonomous behaviors exhibiting high performance in executing shorter message 

durations by smartly aligning with the communication nodes in the operational zone 

enable increased usability of the system due to a reduction in mental workload for the 

pilot (Evans, 2016; Porat, 2016).  Pilots can override the autonomous navigation for any 

glider to assist with forming a communications chain between the two nodes (flags) for 

expediting message traffic.  This effort by the pilot represents a typical secondary task 

performance metric for evaluating cognitive load with respect to usability (Khawaja, 

2014).  The assumption is that reducing the secondary tasking effort will improve the 

swarming system monitoring efficiency and performance by the operator.  

Flexibility is measured by how much coverage the wave glider system has over 

the operational area for collecting data.  The goal is to have a higher percentage of data 

collection over the entire operational life, and the autonomy from collision avoidance, 

launch and recovery, and other various behaviors must be flexible enough to still provide 

coverage for capturing data.  Affordability is measured by the human and financial 

capital costs associated with launch and recovery operations required for recovering data 

from physical hard drives.  Paying for a larger platform to recover wave gliders is also a 

operational business expense that system owners would like to minimize.  Each of these –

ilities performance metrics will be measured throughout simulation runs to illustrate the 

complexity of multiple stakeholder needs being exercised over the system lifecycle.   
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Chapter 4 - Results 

  

This chapter ties the framework together using statistical analysis and evaluation 

of the case study.  Simulation results are plotted and explained from various experiments 

performed, and statistical testing is conducted to understand and confirm specific 

research questions presented in Chapter 1.  The results are then interpreted to provide 

insight as to why certain system behaviors occurred based on the goal model structure 

and other general use case insights.  

4.1 Design of Experiments 

 

 A Design of Experiments was performed to understand the trade space with 

respect to the environmental ocean currents, swarm size, and multiple autonomous 

behaviors.  Table 4-1 summarizes the experiments chosen for the analysis.  Experiment 1 

was the baseline case for all other experiments.  It uses the Pacific Ocean data because 

the data does not exhibit strong environmental currents that would affect the performance 

of the system.  This is likely because the operational area is using data from a location in 

the middle of the ocean rather than along a coastline.  The first three experiments were 

designed such that all autonomous set points and swarm sizes were held constant while 

environmental truth data sets varied between zones Z1-3.  Next, Experiments 4 and 5 

involved evaluating the same conditions and parameters found in experiment one except 

for changing the swarm sizes to 25 wave gliders and 12 wave gliders, respectively.  

Finally, while keeping the operational environment and swarm size the same as 

Experiment 1, various autonomous behaviors were changed by modifying their algorithm 

decision set points throughout Experiments 6 through 11. 
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Three different autonomous algorithms were picked for evaluation during these 

experiments: The adjust algorithm from the movement module, the thrust algorithm from 

the thrust module, and the comms energy algorithm from the communication module.  

These algorithms were picked because they represent the decisions that a human operator 

would need to make in any given situation to satisfy mission objectives efficiently and 

effectively.  The adjust algorithm parameters were changed such that (𝑥, 𝜃𝑡𝑢𝑟𝑛) from the 

algorithm equations 3.1 and 3.2 were set to (12, 10o) in Experiment 6 and (4, 40o) in 

Experiment 7.  The thrust algorithm was modified by both reducing the thrust energy set 

point by half in Experiment 8 and doubling the thrust energy set point in Experiment 9.  

The same approach was followed in Experiments 10 and 11 for the comms algorithm 

limitation set points.  The thrust set point and comms set point levels were determined to 

provide enough of a level difference to see any output sensitivities.  Since their total 

capacities vary in numerical value, normalizing the changes between their set points was 

a way to control the Experiments appropriately.  Each of the 11 Experiments involved 

running 50 simulations for a total of 550 runs.   All runs helped determine the desired 

minimum and maximum performance criteria shown below in Table 4-2: 
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Table 4-1 Design of Experiments Summary 

Design of Experiment Factors and Levels 

Experiment Ocean 

Data 

Swarm Size 

(Glider 

Count) 

Turn 

Distance 

(𝑥)  

Turn Angle 

(𝜃𝑡𝑢𝑟𝑛)  

Thrust Set 

Point 

Comms Set 

Point 

1 Pacific 50 8 20 Baseline Baseline 

2 Atlantic 50 8 20 Baseline Baseline 

3 Indian 50 8 20 Baseline Baseline 

4 Pacific 25 8 20 Baseline Baseline 

5 Pacific 12 8 20 Baseline Baseline 

6 Pacific 50 12 10 Baseline Baseline 

7 Pacific 50 4 40 Baseline Baseline 

8 Pacific 50 8 20 Half Baseline 

9 Pacific 50 8 20 Double Baseline 

10 Pacific 50 8 20 Baseline Half 

11 Pacific 50 8 20 Baseline Double 

 

 

Table 4-2 Performance Metrics for Lifecycle Analysis 

Performance Metrics and Associated Levels 

-ility Survivability Affordability Maintainability Usability Flexibility 

Metric Collision 

Count 

Total Launch 

and Recoveries 

Average Thrust 

(patch/tick)  

Communication 

Time (hours) 

Coverage 

Percentage 

Maximum 150 1500 0.1 50,000 50% 

Minimum 0 300 0.025 1,000 10% 

 

 Each value represents a slightly higher or slightly lower value than the maximum 

and minimum values experienced throughout all 550 simulations.  High performing 

scenarios in Survivability and Affordability categories exhibit minimal collisions (See 

Appendix A.7) as well as launch and recoveries (See Appendix A.5) through the near 6-

year lifecycle.  Maintainability and Usability are also scored high when minimizing 

thruster usage (See Appendix A.9) and communication time (See Appendix A.6) through 

each simulation.  Finally, Flexibility scores high when wave glider operational area 
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coverage is at a higher average percentage throughout the entire lifecycle.  All 

simulations scores were normalized (Appendices A.1 –A.11) to percentages from 0% to 

100% based on the values in Table 4-2. The following performance plots were generated 

to illustrate the trade space in simulated mission performance in Figures 4-1 through 4-5: 
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Figure 4-1 Lifecycle Performance Results Based on Ocean Currents 

 

Figure 4-2 Lifecycle Performance Results Based on Swarm Size 
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Figure 4-3 Lifecycle Performance Results Based on Movement Algorithm 

 

Figure 4-4 Lifecycle Performance Results Based on Thrust Algorithm 

 



 

100 

 

 

 

 

 

Figure 4-5 Lifecycle Performance Results Based on Comms Algorithm 
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 Each plot represents the mean performance values over 50 simulation runs for an 

experiment.  Figure 4-1 shows that mean system performance does not appear to vary 

between experiments one, two and three for various ocean currents.  Unfortunately, 

displaying mean values of performance does not capture the entire distribution within the 

dataset.  The next section will go into more detail on an approach for analyzing the data. 

4.2 Data Analysis 

 

The experiments performed in the previous section generated large amounts of 

data for processing and analysis.  To be specific, each simulation run processes 52,560 

timesteps representing each hour of the simulation over a six-year lifecycle, and five 

separate variables related to the lifecycle performance metrics table are used to store each 

value from these instances in time.  As a result, the entire DOE process captured 550 runs 

(multiplied by) 52,560 timesteps (multiplied by) 5 storage variables totaling 144,540,000 

data points for analysis.  Averaging output data values over the lifecycle helps reduce the 

amount of data points for processing.  Experiments one, two, and three from the previous 

section shows there are only 750 data points (150 simulation runs multiplied by five 

averaged variables) to observe and process to help understand any significant findings.   

As mentioned in the last section, analyzing the mean values of performance alone 

may not be the most complete approach for understanding system performance.  It is 

important to consider and analyze the distribution within the simulation results, especially 

before performing any relevant statistical testing necessary to make comparisons.  

Checking the data for normality was the first step taken to compare simulation data from 

the first three experiments using Multivariate Normality Tests.  The first experiment 

using the Pacific Ocean current input data shows that there appears to be multivariate 
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normality under the Royston’s H test with an H value of 8.713909 and a P-value of 

0.07755685.  The normal Q-Q plots below in Figure 4-6 show the five different variables 

and their associated quantiles.  
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Figure 4-6 Normal Q-Q plots for Pacific Ocean Experiment 1 Results 
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The Launch and Recovery, Thruster Usage, and Coverage normal Q-Q plots seem to 

follow a straight line, but the Comms Time and Collisions plots seem to be slightly 

parabolic.  To examine normality a bit further, Figure 4-7 below shows the histogram 

plots and box plots for each variable. 
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Figure 4-7 Histograms and box plots of Pacific Ocean experiment 1 results 
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Again, the Comms Time metric appears to be not as normal as the other variables as it 

stands out more with a rightly skewed distribution.  The box plot even confirms this skew 

as the top leg is longer than the bottom leg.  The Collisions histogram does not seem 

convincing on normality as the others even though it does not show signs of skew.  

Finally, the Chi-square Q-Q plot is shown below in Figure 4-8. 

 

Figure 4-8 Chi Square Q-Q Plot for Pacific Ocean Experiment 1 Results 

This plot shows how most of the data follows a linear trend to suggest normality, even as 

one point lies far away from the rest.  Some of the small inconsistencies observed in the 

data support the P value score of 0.07755685, which is only slightly above 0.05 to 

support normality.  The other experiments show how this is not nearly the case. 
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 The second experiment used Atlantic Ocean input data to drive the simulation.  

Normality was checked using the same process as the first experiment, and the 

multivariate analysis using the Royston’s H test failed to show normality with an H value 

of 32.9728 and a P value of 1.641334 e-6.  The normal Q-Q plots are shown in Figure 4-9 

below. 
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Figure 4-9 Normal Q-Q plots for Atlantic Ocean Experiment 2 Result



 

109 

 

 

These plots show that while some of the variables appear to be linear along the center of 

the plot, each variable exhibit deviating tails from the desired straight line.  The Comms 

Time variable appears to be much worse than what was shown in experiment 1 for the 

Pacific Ocean environment.  The histograms and box plots were developed again to help 

assess normality and are shown below in Figure 4-10. 
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Figure 4-10 Histograms and box plots of Atlantic Ocean experiment 2 results
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The histogram plots help highlight the skewed distributions for the Comms Time variable 

and even the Coverage variable for this Experiment.  Additionally, the box plot shows 

how they poses tails with outliers above both boxes.  The other variables do not appear to 

follow a smooth, normal trend as one would expect in a normal distribution.  Lastly for 

this experiment, the Chi square Q-Q plot is shown in Figure 4-11 below. 

 

Figure 4-11 Chi Square Q-Q Plot for Atlantic Ocean Experiment 2 Results 

This plot shows how the data slightly deviates from the ideal straight line and has two 

points far away from the expected linear trend.  All plots show visually some indication 

of not following normal distributions and can explain why the P value was so low for the 

Royston test. 
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 The third experiment used Indian Ocean input data to drive the simulation.  

Normality was checked using the same process as the first experiment, and the 

multivariate analysis using the Royston’s H test failed to show normality with an H value 

of 12.95212 and a P value of 0.01125912.  The normal Q-Q plots are shown in Figure 4-

12 below.  
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Figure 4-12 Normal Q-Q plots for Indian Ocean Experiment 3 Results 

 

These plots show some promise of normality when focusing on the Launch and Recovery 

variable as well as the coverage variable.  However, the other variables seem to have 

deviating tales and even “S” like behavior in the plot.  The histogram and box plots are 

shown below in Figure 4-13 to help facilitate the process of confirming normality. 
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Figure 4-13 Histograms and box plots of Indian Ocean experiment 3 results 
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The histogram plots show how each variable contains some degree of skew within the 

data.  Additionally, the box plot really enhances the Comms Time variable showing 

skewness that is consistent with the other 2 experiments.  Also, a larger skewness is 

observed in the Thruster Usage variable histogram during this experiment compared to 

the other two experiments.  The chi square Q-Q plot is shown in Figure 4-14 below. 

 

Figure 4-14 Chi Square Q-Q Plot for Indian Ocean Experiment 3 Results 

The chi square plot for experiment three shows how the data generally follows the ideal 

straight line.  However, the data seems to oscillate about the line when moving from left 

to right.  There are no isolated data points as far as the ones shown in the previous two 

experiments, but there are some that are further away than others as the data approaches 
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the right side of the plot.  This data set ultimately does not pass the Royston test, but it 

doesn’t fail the test by much since the P value is close to 0.05.  Since all three data sets 

were not proven to be normally distributed with confidence, an alternate test was chosen 

to facilitate hypothesis testing between datasets.  

To determine if there was a significant difference between performance metrics 

due to environmental affects in each of the first three experiments, a Kruskal-Wallis test 

was conducted to investigate.  RStudio was used to execute Kruskal-Wallis testing and 

showed that there was a significant difference in performance distribution results across 

the three environments (Fachada, 2017; RStudio, 2015).  Kruskal-Wallis testing of three 

different data sets on five different variables resulted in the values presented in Table 4-3 

below: 

Table 4-3 Kruskal-Wallis Testing Results  

Metric Variable Chi-Square Value P Value Accept/Reject Ho 

Collisions 1.3878 0.4996 Accept 

Launch and Recovery  49.844 1.501e-11 Reject 

Thruster Usage 14.768 6.21e-4 Reject 

Comms Time 1.6419 0.44 Accept 

Coverage 51.99 7.627e-12 Reject 

 

The null hypothesis (Ho) for this testing is that there is no difference in system 

performance between the three environments.  The alternate hypothesis (Ha) is that there 

is a difference in system performance between the ocean environments.  In order to reject 

the null hypothesis with a confidence level of 95%, the chi-square value must be greater 

than the test statistic value of 5.99 with two degrees of freedom.   Since Launch and 

Recovery, Comms, and Coverage all have test statistics over 5.99, the Ho is rejected 
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while the Ha is accepted.  These three variables also have a high level of significance 

where the P value is orders of magnitude smaller than 0.05.   

Although not all variables show different in performance, it is safe to say that 

overall, there is a significant difference in performance of the system between various 

environmental conditions.  Analyzing data in detail beyond mean performance helps to 

illustrate the appropriate level of confidence in a system.  Stakeholders should understand 

that there can be significant variability in system performance and should investigate 

worst case performance scenarios to minimize risk once identified.     

Figure 4-2 showed noticeable changes in performance due to swarm size for 

experiments one, four and five.  It was expected that minimizing the amount of wave 

gliders in the operational area would significantly impact the overall system performance 

for various metrics.  Figure 4-3 shows the performance differences from modifying the 

movement algorithm between experiments six, one and seven from left to right.  These 

adjustments resulted in the largest performance changes from an autonomous algorithm.  

Figure 4-4 shows the performance differences from modifying the thrust algorithm 

between experiments eight, one and nine from left to right.  These adjustments resulted in 

significant performance changes in one of the -ilities (Maintainability).  Figure 4-5 shows 

the performance differences from modifying the comms algorithm between experiments 

ten, one and eleven from left to right.  Figure 4-5 had minimal changes compared to the 

other autonomous algorithms.   

4.3 Interpreting Results 
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Using the DOE to change various set points within the movement algorithm 

demonstrates how sensitive and critical autonomous system behaviors are within a CAS.  

Figure 4-3 in section 4.1 shows how the operational performance changes drastically 

when going from set points (𝑥, 𝜃𝑡𝑢𝑟𝑛) of (12, 10o) to (4, 40o).  This sweep shows how 

Survivability, Flexibility, and Usability are significantly reduced by 80.1%, 72.1 % and 

79.5% respectively, while Maintainability and Affordability are increased by 114% and 

156% respectively.  During a collision avoidance maneuver, as the distance between each 

wave glider and its nearest neighbor decreases (𝑥) while the turning angle increases 

(𝜃𝑡𝑢𝑟𝑛), it causes the wave gliders to continuously turn within the operational zone since 

they are constantly trying to avoid themselves.   

A larger turning angle makes the wave glider turn from one oncoming contact 

right into another oncoming contact without a chance to avoid the original contact 

because the decision to make a course adjustment occurs much closer to other agents due 

to the reduction in distance.  This behavior causes them to operate in circles or tight 

random patterns instead of exploring the operational zone by taking smaller corrections 

earlier at greater distances.  Consequently, these patterns lead to more collisions, less 

operational zone exploration, and less interaction with other wave gliders across the 

operational area for closing comms links to support message traffic.  On the other hand, 

these new autonomous set points help Maintainability and Affordability since the wave 

gliders collect less data by not exploring new areas and using less mechanical thrust due 

to continuously turning and avoiding contacts. These behaviors help to reduce costs from 

launch and recovery and reduce thruster use for improved maintenance performance over 

the evaluated lifecycle.  
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Figure 4-4 shows the parametric sweep of the thruster algorithm set points starting 

from half the original value up to double the original value.  Thruster set points are based 

on energy levels provided by the batteries, and they dictate when a wave glider platform 

needs to turn on the thruster and determine thrust magnitude.  The lower and higher set 

points are scaled based on the capacity of available battery life.  The results show similar 

performance amongst all metrics accept Maintainability.  Since Maintainability is based 

on thruster usage, it is reasonable to observe how reducing the thrust algorithm set point 

in half would increase thruster use throughout operations.   

Reducing the algorithm set point in half means that the glider will keep the 

thruster on until the battery life is much lower than the original value.  Keeping the 

thruster on for longer periods due to lower energy level set points is not desired by 

maintainers and leads to a lower score since this increases the amount of wear on the 

thruster throughout the lifecycle.  Maintenance performance increases as the algorithm 

set point is doubled to a higher value meaning that the thruster will turn off when the 

battery is at a higher level.  Since the battery turns off at a higher level, the thruster does 

not consume as much energy as before, resulting in more time for the solar panels to 

recharge all batteries.  With thrusters being off most of the time, the average speed of the 

wave glider may be slower, however, wave energy becomes the primary means of 

propulsion rather than stored electrical energy in the batteries.  As a result, Maintenance 

scores higher in this case since maintainers will favor a reduction in maintenance over 

time due to less thruster use and speeds. 

Figure 4-5 shows the parametric sweep of the comms algorithm set points starting 

from half the original value going up to double the original value.  Like the thruster 
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algorithm set points, the comms algorithm set points are based on energy levels acquired 

from the batteries.  The performance across all three plots for this algorithm are very 

similar showing a small difference in operational life performance.  Specifically, 

Survivability, Affordability and Maintainability decreased by 0.23%, 3.63% and 7.97% 

respectively while Usability and Flexibility increased by 0.326% and 0525% 

respectively.  Reviewing the goal model developed in Figure 3-7 from section 3.3, the 

Communications module ties into manage energy subgoal in the same way the Thruster 

module does.  The difference between the two subsystems systems is the amount of 

power demanded for each system.  Power required for communications is significantly 

less than the power draw from the thruster usage by an order of magnitude.  Modifying 

the set points in the comms algorithm does not really affect the battery life enough to 

affect other sub systems such as the thruster.  Additionally, there was not a metric derived 

specifically related to the battery life of the wave glider to assess throughout the system’s 

operational life, so it is difficult to capture the difference in performance.  Future efforts 

may include developing additional autonomous behaviors and subgoals for refining the 

comms autonomy within the CAS if stakeholders provide enough feedback to make it a 

priority.      

Our approach also demonstrates how physical system parameters were changed to 

provide insight into the design space.  When changing the swarm size from 50 wave 

gliders down to 12 wave gliders shown in Figure 4-2, Flexibility decreases, Affordability 

increases, and Maintainability decreases while Survivability and Usability remain nearly 

consistent.  Flexibility decreases since there are less wave gliders in the operational area 

to maneuver and collect data while other behaviors and missions are being executed.  As 
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a result, they will cover fewer newer patches in the operational area over time compared 

to a larger swarm.  Affordability increases because there are overall less launch and 

recovery evolution costs to retrieve and execute data collection.  Maintainability 

decreases overall because there are physically less wave gliders to maintain throughout 

the operational life, hence the lower average value of thrust over time.  From a 

maintainer’s point of view, they will have to perform more maintenance for a 50-wave 

glider system than for a 12-wave glider system, so reducing the amount of gliders reduces 

the total maintenance.  The MTTR does not physically change, but rather this observation 

is seen from a purely operational perspective.  These results all help provide future 

insight on how the system works for designing a well-balanced system between all 

stakeholder goals. 
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Chapter 5 - Conclusions 

  

This chapter summarizes the research completed and discusses some of the implications 

from the research findings.  It also proposes opportunities to extend this research by 

considering the possibilities of increasing model fidelity and autonomy complexity.  The 

discussion also includes how the literature is enhanced by this research based on what 

others have done and where it may fall short, alluding to the previously mentioned 

opportunities available to refine, enhance, and compliment. 

5.1 Discussion 

 

 CASs are difficult to analyze and predict due to the non-linear interactions 

between local agents and their environment.  For swarming unmanned systems in the 

context of CASs, the challenge falls on the software designer to work with hardware 

designers to anticipate lifecycle performance based on notional autonomous behaviors 

needed before system release.  Unexpected consequences such as cost overruns, poor 

quality of services, and undesirable behavior may result if autonomous behaviors in 

CASs aren’t analyzed early in development.  In addition to strictly analyzing these 

algorithms carefully, the -ilities evaluation criteria must be agreed upon by all 

stakeholders involved, and their definitions need to be clear and measurable.  Varying 

definitions of the -ilities can cause a misrepresentation of the desired system qualities 

needed to appease all stakeholders and may compound design challenges.  

 This research addresses these issues by providing the necessary structure as a 

framework to guide software developers towards agreed upon criteria and performance 

evaluation methods for CASs.  These results and findings support the gaps identified in 
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Haghnevis’s work by generally extending their mathematical modeling approach for 

engineered CASs to an agent-based modeling and simulation approach (Haghnevis, 

2012).  Other agent-based modeling and simulation research reported similar success in 

establishing a framework for evaluating CASs against different criteria, and this effort 

extends that research by including a structure within the framework to acquire goals from 

all stakeholders using KAOS in addition to only mission-oriented stakeholders (Tran, 

2015).  Lastly, this research contributes CAS body of knowledge for strengthening 

processes and means for realizing general and theoretical assertions (Johnson, 2018).   

 Within the case study, usability was quantified indirectly by the performance of 

the system when subjected to various autonomous behaviors that impact cognitive load of 

the user.  The human systems community can leverage this approach to assess how well a 

user would perform in a human-machine teaming system (Kaber, 2018; Hussein, 2018).  

A metric was provided for swarming unmanned system flexibility related to area 

coverage rates using the framework to quantify how well the system responds to 

uncertainty.  This supports the claims made in other research that flexibility is defined 

within the application domain and needs to capture how individual agents respond to 

change throughout the environment (Zhang, 2015; Kara, 2002).  Defining quality of 

service metrics related to usability and flexibility help both the user and the developer 

understand their needs within the context of a CAS. 

 Other -ilities, such as affordability and maintainability, were defined using 

metrics tied to system operations and wave glider components for stakeholders who are 

typically not involved in the initial development phase.  The DoD community realizes the 

importance of balancing interests throughout the system lifecycle and recommends 
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conducting performance tradeoffs early to understand competing interests (Witus, 2015).  

Additionally, the DoD defines affordability in a way that focuses program management 

on developing affordable technology rather than simply looking for inexpensive systems 

(Safie, 2014).   The framework provides a process encouraged by Witus’s research that 

assesses affordability over a simulated system’s operational life by tracking costly launch 

and recovery evolutions.  It was shown how maintainability can be defined using 

reliability, specifically how it applies to the wave glider thruster component throughout 

operational performance (Bae, 2009).  Future work suggested by Rinaldi requires a 

framework to analyze maintainability measures and assess design sensitivities, and this 

research demonstrates that by performing design of experiments on autonomous 

behaviors for CASs to illustrate such sensitivities (Rinaldi, 2018). 

 Finally, survivability was defined in the framework as the ability of agents to 

avoid collisions.  The maritime industry focuses on protecting its transportation network 

and supply chain by implementing rules to enforce collision avoidance maneuvers using 

the International Regulations for Preventing Collisions at Sea (COLREGS) (Francis, 

2019; Berle, 2011).   The framework enables an approach for evaluating the survivability 

of a wave glider swarming fleet from a safety perspective to protect wave gliders and 

other maritime vessels.  Although future autonomous surface vessels may have trouble 

with surviving non-collision damage and incidents such as fires, flooding and 

groundings, autonomous behaviors analyzed by this framework has potential to improve 

the overall maritime system survivability using simulated collisions as survivability 

metrics (Wróbel, 2017).   
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5.2 Conclusions 

 

A stakeholder framework for evaluating the -ilities for CASs was presented and 

demonstrated with the case-study involving a swarming wave glider system.  This 

process enables the capturing and documenting stakeholder’s needs in the form of non-

functional requirements for evaluation purposes using modeling and simulation.  The 

heart of this framework is the KAOS goal modeling methodology for providing a 

structured way of tracing stakeholder goals to specific functions and criteria within the 

simulation.  The goal model also provides a means to enhance communication between 

all stakeholders and developers for evaluating autonomous behaviors in simulated 

environments, and it can be used as an iterative approach to help modify the autonomous 

behaviors for improved system performance.   

Agent-based simulation was a powerful component of the framework that 

quantified the lifecycle qualities to demonstrate key trades within the goal model.  

Performance differences were identified based on autonomous behavior changes as 

shown during the DoE.  The small, local interactions and decisions between agents 

caused by the autonomous behaviors found in the movement module from Figure 9 are 

crucial for design and can significantly alter the performance of a system over its 

operational life as demonstrated in the simulation.  These behaviors represent the same 

decisions that a human wave glider pilot would take in normal operations, and it is 

important to modify the autonomous decisions parameters appropriately to mimic the 

desires and safe practices of the pilot with respect to stakeholder interests.   

The simulation also provided a means to evaluate the system performance in 

various ocean current environments and system design parameters.  These results 



 

126 

 

illustrate that design parameters can be just as impactful as the autonomous behaviors, 

and that some autonomous behaviors may have less impact on the system depending on 

which sub systems are controlled by the autonomy.  Overall, the framework facilitates the 

evaluation of CAS while developing stakeholder views for interpretation, collaboration, 

and decision-making purposes.  Additionally, as performance conflicts arise from 

competing goals, stakeholders will now be able to identify which specific performance 

goal maps to key stakeholders to start the important conversation of determine which 

goals take priority over others in a multi-objective CAS.   

5.3 Future Work 

 

This framework assumes all stakeholder input is equally critical in the design of 

CAS.  Future work would involve weighting the stakeholder input within the KAOS goal 

model when developing the autonomy.  This would involve more stakeholder interaction 

to solidify concurrence on how important each input truly is within the context of the 

application.  Since the simulation did not consider any weighting factors for each 

behavior in decision-making, they all operated equally during each scenario. Developing 

a weighted decision-making module to help wave gliders with the appropriate decision 

hierarchy would align agent decision making with stakeholder goals.  Stakeholders would 

have a chance to weigh-in on the “tuning” of the autonomy for lifecycle performance 

improvements.  Additionally, the KAOS model can be extended beyond the initial goal 

model to include the components of the object model and operations model for better 

refinement of the simulation.  Modeling user interaction within the model with respect to 

cognitive load and controllability would be another next step.  Adding these specific 

features and metrics with the existing model will help better define how usable a system 
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is for wave glider pilots.  Usability feedback will help tune the autonomy for better man-

unmanned teaming efforts from a human-factors perspective.  

Although this framework utilizes DoE to explore the behavior space within 

autonomous system design, the results from this approach indicate that some results are 

non-linear.  There may be additional ways to explore the behavior space in a smart and 

efficient manner for identifying where performance modes change drastically.  

Additionally, methods to help capture trends within the data throughout the lifecycle on a 

micro scale would be of value.  The aggregate sum or averaging of data points over the 

lifecycle can give stakeholders a general idea of how the system may behave, but there 

might be particular phenomenon occurring throughout the years leading to system 

collapse or failure that might not be captured using the approach proposed by this 

framework.  Improving the fidelity within the model will also increase autonomous 

behavior accuracy since decisions are based on how each agent interacts within the 

environment.   

One unique aspect of CASs is their ability to learn from their environment and 

interactions between other agents over time.  This research did not analyze autonomous 

algorithms related to reinforcement learning or behavioral optimization.  The framework 

could support the analysis and evaluation of a quality such as adaptability, where 

adaptability is measured beyond the state transitions found within agents.  Additional 

features in the autonomy can be programed to include certain learning goal functions that 

rewards each agent based on the quality of their service.  These rewards would have to 

again be tied to the stakeholders of interest and it becomes more important to have all 
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stakeholders agree on a certain philosophy of the system based on priorities and core 

values.  

Additional research can take this framework further by enhancing the simulation 

with other affects to include fault injections, cyber-attacks, and reliability features.  These 

efforts can support many of the -ilities not mentioned in this study such as reliability, 

robustness, and resiliency.  Many of the changes in performance were due to mobility, 

hence why the movement module plated a key role in the overall system design, but there 

may be other modules of importance when responding to notional and anticipated system 

failures if designed properly.  Many organizations and agencies are interested in 

protecting their systems even if some claim that their systems are disposable, and 

enhancing the modeling and simulation aspect of this framework may assist in achieving 

these goals.  
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 Appendix A Simulation Experiment Output Data 

 

A.1 Experiment 1 Model Output Data (Pacific Ocean) 

 

Simulation 
Run # 

Collisions Launch/Recovery Thruster 
Usage 

Comms 
Time 

Coverage 

1 11 961 0.066006 1128 0.330059 

2 10 932 0.063248 2404 0.318489 

3 18 938 0.064279 3213 0.319757 

4 11 932 0.063559 2253 0.319871 

5 12 943 0.064329 3507 0.322452 

6 15 943 0.063434 1733 0.323569 

7 11 928 0.063172 4078 0.318689 

8 10 944 0.066052 2738 0.324681 

9 6 949 0.065558 1814 0.324418 

10 10 937 0.0631 5025 0.319444 

11 9 950 0.064361 5299 0.323377 

12 8 949 0.065037 3534 0.324268 

13 17 937 0.065869 3733 0.319093 

14 18 937 0.0652 1539 0.318909 

15 8 939 0.064694 2938 0.320986 

16 11 924 0.063937 2945 0.316056 

17 7 935 0.065132 7383 0.319607 

18 7 940 0.063721 2454 0.321878 

19 10 946 0.06421 5665 0.322321 

20 12 927 0.063047 3102 0.316387 

21 5 925 0.061602 3432 0.317516 

22 12 949 0.062472 3845 0.322484 

23 14 938 0.063046 1998 0.319069 

24 6 940 0.062537 4561 0.321113 

25 15 943 0.063147 1922 0.322421 

26 12 935 0.063945 2760 0.320412 

27 14 933 0.063963 2856 0.3196 

28 7 935 0.064754 1762 0.319136 

29 15 915 0.063631 4137 0.313097 

30 4 943 0.06261 2313 0.32176 

31 10 942 0.064704 5587 0.321733 

32 7 945 0.064573 1830 0.322676 

33 18 923 0.062913 4291 0.317378 

34 11 930 0.06494 1564 0.317509 

35 11 950 0.064947 2184 0.324551 

36 16 949 0.063542 3322 0.323978 
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37 11 938 0.062758 2041 0.321949 

38 12 921 0.06475 3810 0.315457 

39 5 929 0.064315 3615 0.319032 

40 13 924 0.061438 4509 0.316257 

41 9 930 0.063883 6111 0.318603 

42 6 957 0.065377 3517 0.32635 

43 7 946 0.063715 2391 0.323042 

44 8 929 0.062162 1636 0.319259 

45 12 925 0.064038 6856 0.316213 

46 17 942 0.062455 1737 0.327869 

47 16 936 0.065237 2713 0.319389 

48 12 943 0.064711 1241 0.323113 

49 10 946 0.063566 2807 0.322484 

50 11 919 0.060924 2402 0.314931 

 

A.2 Experiment 2 Model Output Data (Atlantic Ocean) 

 

Simulation 
Run # 

Collisions Launch/Recovery Thruster 
Usage 

Comms 
Time 

Coverage 

1 6 930 0.062997 2559 0.31618 

2 9 929 0.064515 2243 0.3172 

3 21 938 0.062557 1228 0.32032 

4 12 921 0.061891 2397 0.31177 

5 6 955 0.065666 2463 0.32718 

6 14 918 0.063895 2809 0.314803 

7 14 921 0.062203 4225 0.31563 

8 12 937 0.062412 4008 0.322026 

9 18 935 0.063146 1190 0.318645 

10 6 931 0.061789 3891 0.317572 

11 24 942 0.063924 6449 0.322286 

12 13 927 0.064689 8856 0.318104 

13 12 915 0.063693 1718 0.313568 

14 6 933 0.064981 3636 0.319814 

15 5 927 0.064526 2885 0.316994 

16 7 929 0.064794 3680 0.317728 

17 21 931 0.063201 3785 0.318958 

18 11 914 0.062102 3510 0.313726 

19 14 947 0.064736 5115 0.321849 

20 10 942 0.06337 2619 0.321644 

21 19 945 0.063094 2817 0.322241 

22 13 940 0.064131 1873 0.322566 

23 16 923 0.062432 1457 0.316207 

24 13 939 0.06344 1852 0.320619 
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25 10 930 0.063046 6608 0.315813 

26 6 921 0.063172 1919 0.315493 

27 12 952 0.0656 2308 0.324204 

28 14 933 0.062994 1569 0.319096 

29 7 930 0.063383 2233 0.317302 

30 12 921 0.062073 4726 0.313458 

31 8 918 0.062342 2845 0.314063 

32 14 941 0.063753 2694 0.320633 

33 8 916 0.062676 1458 0.313617 

34 10 924 0.061764 2860 0.316515 

35 19 941 0.065063 4804 0.322061 

36 16 937 0.065996 3277 0.31972 

37 5 917 0.063095 3682 0.314645 

38 11 914 0.063527 4001 0.31185 

39 12 948 0.064498 1797 0.332267 

40 15 916 0.063566 3315 0.312403 

41 11 941 0.064253 3278 0.32193 

42 10 920 0.061393 3147 0.315428 

43 9 928 0.062599 3471 0.317578 

44 10 926 0.062419 3954 0.316374 

45 17 934 0.062932 1688 0.31942 

46 20 949 0.064786 1880 0.322685 

47 15 919 0.063989 12996 0.314501 

48 15 936 0.062449 1011 0.319628 

49 8 948 0.064643 2445 0.323947 

50 9 932 0.064382 1207 0.318828 

 

A.3 Experiment 3 Model Output Data (Indian Ocean) 

 

Simulation 
Run # 

Collisions Launch/Recovery Thruster 
Usage 

Comms 
Time 

Coverage 

1 12 921 0.062232 1135 0.313668 

2 12 921 0.064181 3977 0.31468 

3 10 932 0.064389 1734 0.317013 

4 13 927 0.063239 2096 0.316796 

5 11 917 0.063133 2105 0.314056 

6 9 933 0.063642 1450 0.320111 

7 9 908 0.062297 7196 0.310132 

8 17 921 0.063353 869 0.316393 

9 5 927 0.063206 5165 0.316185 

10 6 915 0.063024 1313 0.312175 

11 13 911 0.061892 1432 0.310225 

12 3 912 0.063112 3848 0.312582 
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13 6 923 0.06319 2737 0.315352 

14 15 908 0.06128 2288 0.310964 

15 12 918 0.061841 4165 0.315122 

16 10 916 0.062227 1858 0.314208 

17 9 922 0.063878 3471 0.315209 

18 5 922 0.064705 1978 0.315619 

19 10 928 0.063479 2702 0.316832 

20 9 913 0.061278 2265 0.312591 

21 13 920 0.062521 4058 0.314594 

22 8 915 0.063554 2608 0.31348 

23 4 925 0.062758 2196 0.316351 

24 20 911 0.063038 3582 0.312049 

25 7 926 0.062958 4180 0.319605 

26 16 920 0.06118 1691 0.313732 

27 13 915 0.062503 6460 0.313254 

28 13 924 0.063941 3939 0.315216 

29 5 909 0.062598 2094 0.310759 

30 13 926 0.063288 4450 0.316335 

31 5 928 0.063244 1331 0.316883 

32 7 900 0.059912 2138 0.307089 

33 13 923 0.064179 1926 0.316629 

34 20 915 0.063673 5647 0.312814 

35 25 928 0.063589 1060 0.315189 

36 14 913 0.062537 4877 0.313601 

37 15 929 0.063405 1345 0.317919 

38 14 911 0.061166 3232 0.311099 

39 14 928 0.064016 5055 0.317608 

40 14 912 0.062383 1406 0.311008 

41 9 936 0.063744 3847 0.319669 

42 14 932 0.064169 1902 0.317789 

43 13 904 0.06182 2323 0.308665 

44 13 922 0.062454 5673 0.314626 

45 13 924 0.062368 2893 0.31639 

46 10 916 0.064183 3296 0.313046 

47 9 929 0.063314 2636 0.317407 

48 11 920 0.062776 1927 0.314275 

49 14 938 0.06368 1210 0.320502 

50 7 940 0.06443 2138 0.321702 

 

A.4 Experiment 4 Model Output Data (Pacific Ocean/25 Wave Gliders) 
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Simulation 
Run # 

Collisions Launch/Recovery Thruster 
Usage 

Comms 
Time 

Coverage 

1 6 572 0.070848 18502 0.193866 

2 12 562 0.071987 17175 0.192957 

3 3 571 0.072233 1998 0.194166 

4 5 577 0.074 7949 0.197335 

5 1 579 0.073573 1750 0.198833 

6 5 584 0.07275 1744 0.200353 

7 4 591 0.074361 5423 0.201736 

8 2 585 0.073007 6238 0.201037 

9 5 561 0.071443 12376 0.192261 

10 10 563 0.071931 2397 0.193675 

11 5 563 0.068962 1918 0.193077 

12 5 562 0.068925 4634 0.191288 

13 1 580 0.073607 17339 0.198095 

14 5 575 0.072628 7096 0.196397 

15 5 585 0.074353 4707 0.200828 

16 2 571 0.072972 5162 0.197117 

17 4 568 0.073352 19864 0.194972 

18 5 569 0.071786 5231 0.194943 

19 5 570 0.072599 6458 0.195649 

20 2 568 0.07235 6054 0.194505 

21 5 568 0.073025 10298 0.194521 

22 4 562 0.071666 4365 0.192507 

23 4 560 0.071037 1823 0.192388 

24 7 593 0.074843 3709 0.201027 

25 1 579 0.07354 2988 0.198228 

26 6 564 0.070138 16803 0.193509 

27 4 584 0.073845 6484 0.201535 

28 4 574 0.074142 2323 0.196393 

29 3 569 0.073372 3145 0.195674 

30 2 590 0.073727 6526 0.202412 

31 5 554 0.070971 3954 0.191385 

32 3 564 0.072059 6806 0.193583 

33 5 593 0.075309 10209 0.202075 

34 2 564 0.071083 4930 0.193125 

35 10 559 0.070531 2210 0.191254 

36 2 590 0.074026 7837 0.201057 

37 6 567 0.071971 14707 0.195353 

38 6 568 0.070674 11802 0.194156 

39 2 564 0.071845 2876 0.192937 

40 4 589 0.075558 19350 0.202486 

41 9 577 0.072138 2021 0.198683 
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42 3 571 0.074032 8440 0.195339 

43 6 572 0.072523 7165 0.195208 

44 4 565 0.071058 5699 0.194401 

45 6 576 0.070919 13871 0.196902 

46 2 578 0.074081 2814 0.198494 

47 4 581 0.072662 2879 0.198649 

48 1 581 0.07315 3365 0.197961 

49 5 586 0.071766 4454 0.194102 

50 4 579 0.07533 2330 0.196873 

 

A.5 Experiment 5 Model Output Data (Pacific Ocean/12 Wave Gliders) 

 

Simulation 
Run # 

Collisions Launch/Recovery Thruster 
Usage 

Comms 
Time 

Coverage 

1 1 342 0.083196 4083 0.116773 

2 2 338 0.079411 31419 0.116406 

3 0 341 0.080477 9981 0.116558 

4 0 350 0.082285 18008 0.119168 

5 2 344 0.07916 1925 0.117721 

6 2 344 0.081662 22444 0.117485 

7 2 340 0.080797 13180 0.116346 

8 3 334 0.080784 22976 0.115042 

9 3 344 0.082106 47060 0.118638 

10 1 332 0.081859 3575 0.114362 

11 1 340 0.080393 3544 0.115751 

12 2 329 0.079277 13138 0.112745 

13 1 343 0.081366 6778 0.117227 

14 1 353 0.082448 14619 0.120953 

15 2 323 0.076217 5407 0.110867 

16 0 345 0.081558 4685 0.11751 

17 2 334 0.079852 45406 0.114364 

18 1 330 0.081643 33043 0.113435 

19 2 349 0.081884 5048 0.119569 

20 3 346 0.082646 18710 0.118003 

21 1 322 0.077433 6991 0.110867 

22 0 337 0.081047 34533 0.115317 

23 3 327 0.081013 8921 0.11261 

24 4 337 0.080475 28376 0.115617 

25 0 352 0.081883 18735 0.120761 

26 1 346 0.083651 25104 0.117936 

27 4 345 0.080938 47060 0.118206 
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28 2 337 0.082408 34747 0.116069 

29 4 334 0.08027 32424 0.115015 

30 2 355 0.082872 6684 0.1205 

31 2 347 0.083475 10370 0.117328 

32 1 338 0.080512 8011 0.116629 

33 0 346 0.08022 47060 0.118446 

34 3 353 0.083346 27567 0.120434 

35 1 348 0.080855 2496 0.119169 

36 1 342 0.083365 14550 0.11722 

37 2 330 0.079241 5819 0.112912 

38 1 330 0.079003 22336 0.112698 

39 2 351 0.083639 34727 0.119026 

40 0 330 0.078279 3816 0.112818 

41 1 338 0.081141 9862 0.115871 

42 0 338 0.078833 8112 0.115071 

43 0 350 0.082481 19229 0.119117 

44 1 343 0.080901 20713 0.117437 

45 2 341 0.081366 21768 0.116295 

46 2 352 0.082192 33471 0.119884 

47 1 348 0.081272 23987 0.119368 

48 2 338 0.078534 5183 0.116138 

49 3 332 0.08028 16911 0.114522 

50 1 344 0.081861 20793 0.118333 

 

A.6 Experiment 6 Model Output Data (Pacific Ocean/Turn 12 and 10) 

 

Simulation 
Run # 

Collisions Launch/Recovery Thruster 
Usage 

Comms 
Time 

Coverage 

1 5 1139 0.073154 864 0.3936 

2 6 1142 0.073054 875 0.393875 

3 4 1142 0.073527 2137 0.39216 

4 3 1147 0.073226 2646 0.395019 

5 6 1158 0.073896 4473 0.399241 

6 4 1140 0.072754 771 0.395001 

7 8 1142 0.073942 1467 0.394878 

8 3 1154 0.0744 3231 0.39667 

9 2 1147 0.074849 1194 0.395977 

10 10 1140 0.073218 1074 0.393739 

11 5 1147 0.073229 1149 0.396561 

12 6 1143 0.072548 944 0.394472 

13 7 1149 0.074815 988 0.39793 
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14 9 1155 0.07406 1009 0.399589 

15 6 1142 0.074445 738 0.396059 

16 3 1148 0.073875 1128 0.395133 

17 6 1140 0.073581 2943 0.394265 

18 6 1140 0.072703 1536 0.394484 

19 4 1153 0.074584 1347 0.397851 

20 8 1138 0.073457 1897 0.392919 

21 12 1151 0.074843 2741 0.398638 

22 10 1138 0.073378 1399 0.394016 

23 4 1152 0.075032 3464 0.399257 

24 14 1142 0.073115 984 0.395325 

25 2 1140 0.071966 1452 0.394148 

26 7 1151 0.074154 776 0.396835 

27 5 1136 0.073981 989 0.392845 

28 5 1146 0.072921 807 0.395906 

29 3 1153 0.07464 805 0.396875 

30 5 1156 0.074603 1083 0.3995 

31 7 1147 0.074158 986 0.398198 

32 6 1143 0.074318 845 0.395224 

33 3 1157 0.075395 880 0.400592 

34 9 1147 0.073276 863 0.395704 

35 2 1136 0.073111 1048 0.393349 

36 14 1140 0.073764 989 0.394018 

37 2 1144 0.073664 1487 0.394356 

38 5 1161 0.074915 2503 0.400284 

39 6 1142 0.072789 1220 0.393507 

40 6 1144 0.073625 1191 0.394463 

41 8 1147 0.074098 1004 0.396687 

42 2 1149 0.073644 804 0.396801 

43 7 1135 0.072289 903 0.392026 

44 8 1144 0.073328 1071 0.393957 

45 4 1143 0.07376 1089 0.39545 

46 3 1137 0.072524 1899 0.392314 

47 8 1154 0.075595 2921 0.397494 

48 5 1150 0.074695 970 0.398491 

49 5 1137 0.072781 1360 0.392197 

50 6 1148 0.074953 1169 0.397588 

 

A.7 Experiment 7 Model Output Data (Pacific Ocean/Turn 4 and 40) 
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Simulation 
Run # 

Collisions Launch/Recovery Thruster 
Usage 

Comms 
Time 

Coverage 

1 109 580 0.04335 39542 0.183184 

2 115 601 0.045571 26830 0.178918 

3 125 578 0.042596 47060 0.18054 

4 140 658 0.044633 47060 0.192103 

5 135 573 0.042036 22970 0.174258 

6 114 606 0.042856 47060 0.188905 

7 134 641 0.045119 47060 0.191963 

8 110 547 0.042732 47060 0.173785 

9 89 607 0.043671 14876 0.181215 

10 115 616 0.045488 47060 0.188542 

11 131 609 0.047258 47060 0.187341 

12 88 598 0.044399 45890 0.185511 

13 127 625 0.044953 26906 0.190466 

14 99 557 0.043626 47060 0.173824 

15 103 596 0.043942 47060 0.189524 

16 158 573 0.041412 11575 0.170768 

17 140 598 0.043132 21627 0.18838 

18 180 569 0.04547 47060 0.179474 

19 125 579 0.043093 47060 0.176259 

20 104 582 0.042951 47060 0.179374 

21 133 589 0.042209 47060 0.183157 

22 129 544 0.04268 16626 0.17058 

23 106 627 0.047148 47060 0.191916 

24 91 554 0.040113 47060 0.169132 

25 161 571 0.042616 41933 0.173664 

26 111 615 0.047078 47060 0.190537 

27 103 576 0.042465 47060 0.175707 

28 108 624 0.043741 47060 0.190524 

29 121 618 0.044081 47060 0.188753 

30 143 614 0.044403 47060 0.188251 

31 97 571 0.045609 47060 0.176844 

32 101 545 0.04069 47060 0.172545 

33 128 574 0.04352 47060 0.179205 

34 127 565 0.042001 26811 0.17513 

35 126 624 0.046149 47060 0.190481 

36 108 603 0.043292 47060 0.18922 

37 122 584 0.042024 47060 0.182899 

38 120 610 0.045338 5454 0.188237 

39 138 570 0.042443 46519 0.17461 

40 96 634 0.044526 47060 0.193428 

41 125 560 0.041154 47060 0.173787 
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42 133 630 0.043595 47060 0.195569 

43 152 599 0.043942 12113 0.186976 

44 126 560 0.043173 31270 0.172851 

45 121 562 0.044128 47060 0.175011 

46 126 558 0.045646 47060 0.176073 

47 111 647 0.046624 42222 0.195117 

48 118 593 0.043379 47060 0.179214 

49 138 612 0.042923 15213 0.189184 

50 107 595 0.04655 47060 0.18589 

 

A.8 Experiment 8 Model Output Data (Pacific Ocean/Thrust half) 

 

Simulation 
Run # 

Collisions Launch/Recovery Thruster 
Usage 

Comms 
Time 

Coverage 

1 9 996 0.077359 1295 0.338095 

2 12 998 0.077448 2377 0.34022 

3 21 962 0.074542 3402 0.325632 

4 6 964 0.074679 3918 0.328155 

5 15 979 0.075174 1196 0.333199 

6 13 994 0.078489 2246 0.338161 

7 6 945 0.073895 1908 0.322238 

8 5 991 0.07779 2081 0.337355 

9 11 989 0.079641 1857 0.336911 

10 7 985 0.078533 1542 0.336779 

11 9 965 0.07613 2773 0.329622 

12 13 970 0.077056 1063 0.328654 

13 11 965 0.075668 5219 0.329913 

14 17 972 0.076585 4762 0.328923 

15 5 965 0.07576 4529 0.329824 

16 11 987 0.07756 3312 0.336145 

17 9 967 0.075884 3947 0.328117 

18 18 972 0.0767 3128 0.330995 

19 16 989 0.07706 1910 0.335997 

20 9 959 0.075624 1935 0.327388 

21 13 952 0.075838 3660 0.323641 

22 18 980 0.078126 3176 0.334198 

23 11 976 0.075904 2125 0.331691 

24 33 969 0.076096 2737 0.331445 

25 6 977 0.076123 2434 0.332047 

26 10 965 0.075136 2457 0.326827 

27 12 963 0.075534 2774 0.327879 
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28 12 979 0.07806 3059 0.333764 

29 4 972 0.075152 2209 0.330603 

30 5 973 0.075968 1935 0.332502 

31 13 973 0.07798 2292 0.331508 

32 9 978 0.076726 3843 0.333303 

33 5 965 0.077567 1007 0.329458 

34 11 976 0.076086 1760 0.332179 

35 15 990 0.075577 3619 0.337598 

36 16 998 0.078218 3316 0.339701 

37 10 992 0.078788 2097 0.337469 

38 17 982 0.077221 1037 0.335924 

39 17 950 0.072761 1902 0.323954 

40 11 970 0.075219 2357 0.330964 

41 11 962 0.075337 1883 0.326871 

42 19 975 0.074738 2588 0.33132 

43 14 953 0.075158 3445 0.324299 

44 10 977 0.076209 3212 0.332942 

45 12 963 0.076252 2513 0.326215 

46 9 978 0.076986 5023 0.33193 

47 19 987 0.078025 3800 0.335802 

48 7 984 0.077474 3137 0.336794 

49 11 963 0.075612 1237 0.327472 

50 15 972 0.076626 1975 0.329264 

 

A.9 Experiment 9 Model Output Data (Pacific Ocean/Thrust Double) 

 

Simulation 
Run # 

Collisions Launch/Recovery Thruster 
Usage 

Comms 
Time 

Coverage 

1 10 873 0.041483 6600 0.299541 

2 17 884 0.043604 2067 0.303067 

3 11 870 0.042223 4684 0.300146 

4 16 882 0.043069 1906 0.302107 

5 10 875 0.042251 3750 0.299953 

6 13 881 0.043027 2597 0.304209 

7 17 867 0.040638 5283 0.297536 

8 11 889 0.042443 4151 0.305756 

9 11 890 0.043598 2674 0.30567 

10 12 891 0.043749 3850 0.307169 

11 15 876 0.042943 5351 0.300998 

12 12 884 0.043385 1078 0.304495 

13 11 896 0.04282 4778 0.305948 
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14 10 872 0.042484 2712 0.299858 

15 12 876 0.042371 3475 0.300558 

16 6 877 0.043922 2890 0.302331 

17 10 882 0.043254 6483 0.304149 

18 22 867 0.043762 3980 0.299825 

19 11 857 0.041204 2701 0.294915 

20 11 894 0.043538 3694 0.306569 

21 11 881 0.044001 1981 0.302417 

22 16 879 0.042224 4622 0.302004 

23 15 894 0.042609 1563 0.306273 

24 10 871 0.041296 2828 0.298834 

25 8 876 0.042734 2068 0.30194 

26 13 884 0.044332 6383 0.302496 

27 11 881 0.042894 3105 0.304117 

28 16 883 0.042622 1921 0.302022 

29 8 883 0.042301 1656 0.302193 

30 12 877 0.043389 3110 0.302582 

31 11 886 0.043282 3735 0.305317 

32 13 880 0.043954 2106 0.30236 

33 14 866 0.042417 2048 0.297408 

34 9 888 0.04343 2507 0.304382 

35 14 877 0.043104 5006 0.300297 

36 11 868 0.042538 5332 0.299997 

37 11 881 0.042735 4863 0.301526 

38 9 871 0.041016 2304 0.298873 

39 13 882 0.04363 4142 0.302042 

40 21 880 0.043696 4761 0.301968 

41 18 884 0.043706 3600 0.302593 

42 10 876 0.042223 2941 0.300751 

43 12 877 0.042741 3204 0.30156 

44 8 889 0.044583 1164 0.304427 

45 7 872 0.041812 3252 0.299317 

46 14 863 0.042392 2636 0.297229 

47 8 882 0.043732 3170 0.303165 

48 11 875 0.043274 5940 0.300257 

49 7 862 0.041786 3588 0.296835 

50 5 893 0.04323 3824 0.306001 

 

A.10 Experiment 10 Model Output Data (Pacific Ocean/Comms Half) 
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Simulation 
Run # 

Collisions Launch/Recovery Thruster 
Usage 

Comms 
Time 

Coverage 

1 7 961 0.064831 7253 0.328412 

2 8 925 0.063158 1229 0.315452 

3 6 949 0.063657 1679 0.324167 

4 11 937 0.064349 3039 0.321025 

5 10 927 0.063751 2670 0.316547 

6 7 950 0.065734 1902 0.324112 

7 14 923 0.062218 5564 0.316727 

8 5 936 0.063772 1869 0.320026 

9 11 935 0.065255 3427 0.319447 

10 18 938 0.063183 5160 0.320701 

11 4 945 0.064615 6083 0.322693 

12 14 935 0.065064 11797 0.320934 

13 7 935 0.06405 2888 0.318685 

14 12 938 0.064759 3526 0.319438 

15 3 949 0.065846 2337 0.324728 

16 19 937 0.065205 2651 0.32064 

17 9 932 0.062356 938 0.319562 

18 14 968 0.066346 2153 0.328913 

19 10 934 0.063586 11406 0.319818 

20 16 925 0.063574 2063 0.31765 

21 13 950 0.064534 2889 0.324252 

22 11 944 0.066427 3104 0.323393 

23 2 953 0.064929 1930 0.324717 

24 21 958 0.065481 2966 0.326714 

25 14 932 0.064164 3300 0.319413 

26 9 936 0.064615 3794 0.320078 

27 11 953 0.063688 2682 0.32651 

28 14 929 0.063326 5343 0.317965 

29 8 937 0.063261 4623 0.318452 

30 7 945 0.064531 2588 0.324038 

31 16 949 0.063927 2649 0.322189 

32 12 930 0.063844 1930 0.319112 

33 11 951 0.064171 2767 0.323999 

34 11 943 0.065417 2684 0.321648 

35 7 964 0.06674 2914 0.32809 

36 8 941 0.064419 1736 0.323446 

37 10 915 0.063013 4024 0.315095 

38 10 921 0.061914 2275 0.314423 

39 8 928 0.062737 2613 0.316108 

40 25 937 0.063449 3943 0.322357 

41 11 939 0.064338 1969 0.319805 



 

155 

 

42 17 932 0.063406 2955 0.320181 

43 13 934 0.061626 3456 0.319146 

44 7 948 0.06523 1078 0.324092 

45 8 946 0.065604 3576 0.32302 

46 9 938 0.063001 3600 0.320464 

47 15 942 0.065294 1815 0.320894 

48 13 939 0.064885 2095 0.322671 

49 7 944 0.064873 4707 0.321169 

50 12 932 0.061713 4511 0.317882 

 

A.11 Experiment 11 Model Output Data (Pacific Ocean/Comms Double) 

 

Simulation 
Run # 

Collisions Launch/Recovery Thruster 
Usage 

Comms 
Time 

Coverage 

1 9 939 0.067278 4279 0.31944 

2 10 960 0.068953 2391 0.327779 

3 6 951 0.066745 3562 0.326809 

4 15 917 0.065796 2099 0.314672 

5 15 950 0.067722 5142 0.324769 

6 11 947 0.068455 2804 0.323206 

7 14 937 0.066436 2914 0.319922 

8 18 931 0.065858 2975 0.317409 

9 8 951 0.067899 3489 0.324302 

10 11 945 0.067968 3941 0.323002 

11 6 944 0.066229 2799 0.322055 

12 10 943 0.066716 3741 0.323007 

13 4 933 0.067866 1472 0.319964 

14 10 1782 0.067556 1782 0.325303 

15 13 956 0.068594 1901 0.325662 

16 18 963 0.068426 2534 0.329926 

17 13 934 0.065242 7575 0.318424 

18 18 956 0.067628 2103 0.326838 

19 5 939 0.068396 2141 0.320668 

20 11 935 0.066818 2663 0.320343 

21 21 948 0.067568 2105 0.322147 

22 6 944 0.067117 1324 0.322266 

23 15 950 0.06577 5323 0.323832 

24 14 950 0.067332 3148 0.324557 

25 11 951 0.066588 1608 0.324129 

26 8 952 0.0675 1659 0.324381 

27 15 938 0.06627 5591 0.321643 
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28 7 952 0.066872 3061 0.324429 

29 13 939 0.064874 2619 0.321189 

30 8 940 0.066047 2836 0.320395 

31 11 941 0.067666 2825 0.322114 

32 12 934 0.06796 4069 0.319042 

33 7 940 0.066238 3285 0.320754 

34 9 927 0.066491 5587 0.317252 

35 9 956 0.067692 2787 0.327188 

36 14 947 0.068439 4320 0.324491 

37 8 936 0.066623 4602 0.317794 

38 13 958 0.066613 4743 0.32698 

39 10 945 0.069495 3268 0.322185 

40 16 929 0.066178 4829 0.318407 

41 11 945 0.066107 3680 0.322878 

42 13 938 0.065448 2212 0.321103 

43 11 942 0.066998 2289 0.32174 

44 14 945 0.06615 2143 0.323791 

45 11 936 0.066436 4115 0.320357 

46 12 942 0.066841 4617 0.321528 

47 8 932 0.066143 1865 0.320144 

48 13 946 0.066575 2270 0.323757 

49 9 946 0.068783 4616 0.322543 

50 7 944 0.06721 2859 0.322587 
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 Appendix B NetLogo Wave Glider Simulation Code  
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