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Mobility modeling is a critical step in the ground vehicle acquisition process for military vehicles. Mobility modeling tools, and in particular the NATO Reference Mobility
Model (NRMM), have played a critical role in understanding the mission-level capabilities
of ground vehicles. This understanding via modeling supports not only developers during
early vehicle design but also decision makers in the feld previewing the capabilities of
ground vehicles in real-world deployments. Due to decades of feld testing and operations,
mobility modeling for traditional ground vehicles is well-understood; however, mobility
modeling tools for evaluating autonomous mobility are sparse. Therefore, this dissertation
proposes and derives a Reference Autonomous Mobility Model (RAMM). The RAMM
leverages cutting-edge modeling and simulation tools to build a mobility model that serves
as the mission-level mobility modeling tool currently lacking in the unmanned ground vehicle (UGV) community, thereby flling the current analysis gap in the autonomous vehicle
acquisition cycle. The RAMM is built on (1) a thorough review of theories of verifca-

tion and validation of simulations, (2) a novel framework for validating simulations of
autonomous systems and (3) the mobility modeling framework already established by the
NRMM. These building blocks brought to light the need for new, validated modeling and
simulation (M&S) tools capable of simulating, at a high-fdelity, autonomous unmanned
ground vehicle operations. This dissertation maps the derivation of the RAMM, starting with a history of verifcation of simulation models and a literature review of current
autonomous mobility modeling methods. In light of these literature reviews, a new framework for V&V of simulations of autonomous systems is proposed, and the requirements
for and derivation of the RAMM is presented. This dissertation concludes with an example application of the RAMM for route planning for autonomous UGVs. Once fully
developed, the RAMM will serve as an integral part in the design, development, testing
and evaluation, and ultimate felding of autonomous UGVs for military applications.

Key words: unmanned ground vehicles, autonomy, mobility, modeling and simulation,
verifcation and validation
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CHAPTER 1
INTRODUCTION

The goal of this dissertation is to serve as one of the requirements for fulfllment of the
Degree of Doctorate of Philosophy in the Computational Engineering Department from
Mississippi State University. The research topic of this dissertation is mobility for autonomous unmanned ground vehicles (UGVs) for military applications. Specifcally, this
dissertation develops a new mobility modeling tool to aid in the acquisition of autonomous
UGVs for future military applications.

1.1

Military Ground Vehicles: A Brief History
A thourough history of military ground vehicle development and deployment is not

necessary to the fulfllment of the goal of this dissertation. As such, the rest of this Section
will speak primarily in broad, qualitative terms of ground vehicle history, and the reader is
directed to The Defense Technical Information Center [1] for specifc names and dates of
the creation of mechanized military units and the associated military doctrine.
During the 19th and 20th centuries, prior to the idea of “modern” warfare, the primary
means of mounted operations, both for combat and logisitics, was horseback cavalry. In
fact, as of 1912, the U.S. Army possessed only four commercial trucks [2]. While the role
of horse-mounted infantry is generally considered to have been dissolved during World
1

War I (WWI), this is a misconception. In fact the traditional cavalry wasn’t retired by the
U.S. Military until 1950 with the dissolution of the Cavalry branch, which subsequently
became the Armor branch [221].
This is not to say that the role of cavalry wasn’t severely diminished during and post
WWI. Due to the technological advances, primarily the machine gun, traditional cavalry
was rendered largely obsolete. During WWI, the U.S. Army mobilized only four regiments
of cavalry, and very few saw active combat [221]. Conversely, the frst offcial “tank’ saw
combat on 15 September 1916, when 49 30-ton Mark I’s were deployed in the Somme
area, and the frst U.S. armored division, called “The Tank Service” was created shortly
thereafter in 1918 [221].
Between WWI and World War II (WWII), mechanization was adopted slowly and
somewhat grudgingly by the U.S. military. By the start of WWII, the Armored Forces
consisted of less than 1,000 WWI-era vehicles. However, by the end of the war, U.S. tank
production totaled 88,410 [221]. Throughout WWII and into the Korean War, the U.S.
Army develop a large feet of vehicles for the full-spectrum of military operations, to include tasks such as logistics [100], amphibious assault [38], and armored personnel carriers
and infantry fghting vehicles [73].
Following the Korean War, the base components of the U.S. military ground vehicle
feet remained the same, including combat vehicles, amphibious vehicles, and logistics
vehicles. For each category of vehicle, various designs and incremental upgrades were
felded for military applications. A full list of vehicles developed during the Cold War era
would be exhaustive. In general, this period of development can be characterized by the
2

adoption of the medium tank design, the development of anti-aircraft tanks, and mobile
missile launching platforms [73].
Currently, the military is actively pursuing new ground vehicles to address the unique
characterisitcs of the current confict: “irregular warfare” [65]. Irregular warfare is defned by the U.S. Army Combined Armed Forces as “...a violent struggle between state
and non-state actors for legitimacy and infuence over the relevant populations” [1]. The
current period of irregular warfare is punctuated by a sharp decline in the felding of traditional mechanized forces and the ongoing changes to doctrine for both combat and logistic
ground vehicle operations.
Modern traditional military ground vehicle acquisition (post-2000) has focused on protection against buried explosive threats, a key threat encountered in irregular warfare. During Operation Enduring Freedom (OEF), the Mine-Resistant Ambush-Protected (MRAP)
vehicle was developed [33, 162]. Furthermore, the MRAP has been touted as a success in
developing a model for more rapid defense acquisitions [34]. However, the effectiveness
of the MRAP in reducing causalities is still a debated topic.
One glaring issue associated with the MRAP is its mobility, or rather, lack thereof.
Throughout military vehicle history, mobility has played a major role in development,
design, and deployment of military ground vehicles. While not cite-able within this dissertation, the U.S. military has conducted limited studies on MRAP mobility and its effect on
MRAP suitability for irregular warfare operations with poor results. These studies have set
the stage for future military research in the area of ground vehicle mobility, and mobility
has once again taken priority in ground vehicle development. In fact, according to [112],
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mobility has become the highest priority requirement in future vehicle procurement, along
with lethality.
Being that mobility is at the forefront of military ground vehicle development, it drives
the core research of this dissertation. Therefore, the next section provides a defnition of
mobility from a military perspective.

1.2

Defning “Mobility”
In the most basic sense, mobility for military for vehicles can be defned as in [232]:

“Mobility is the ability to move freely and rapidly over the terrain of interest to accomplish
varied combat objectives. Another defnition of mobility is given in [53]: “[mobility] is
a vehicles capability to move over a specifed terrain, which is infuenced by other environmental conditions such as weather.” Both of these defnitions are based on not just the
vehicles ability to navigate but navigate within its operational environment. Furthermore,
mobility is not an inherent characteristic of a ground vehicle, but rather mobility is a measured property of a ground vehicle, again as stated in [53]: “The mobility assessment of a
[combat vehicle] is one of the key tasks necessary before felding any vehicle, especially
one potentially engaged in combat operations.”
Many methods of assessing / measuring mobility can be found within the literature.
These studies include both feld tests, of which [214] provides a good overview, and
simulation-based methods, which include [150], [106], and [76], to list a few representative studies. Common throughout these and other studies is one method of mobility
assessment: mobility modeling using modeling and simulation (M&S).
4

The United States Army Corps of Engineers (USACE) Engineer Research and Development Center (ERDC) holds the Army mission for assessing mobitiy. In this role, ERDC
has developed a suite of mobility modeling tools that have are in use throughout the military ground vehicle community [107, 27, 205]. Chapter 3 provides a rigorous defnition of
“mobility modeling” and Chapter 5 provides details on ERDC’s mobility modeling tools;
for now, it only needs to be emphasized that mobility modeling is a critical aspect of the
development and felding of ground vehicles for military applications.

1.3

The Introduction of Unmanned Ground Vehicles for Military Applications
A succinct primer on unmanned ground vehicles (UGvs) is given below; a detailed

overview is presented later in Chapter 3.
In addition to the MRAP, OEF saw the rise of another kind of ground vehicle platform:
small ground robots [29]. Robotic systems were frst introduced as small, teleoperated
robots for explosive hazard disposal operations. The two most common platforms used in
this mission are the iRobot PackBot [251] and Talon [245]. The idea of adding autonomy
to these platforms was proposed concurrently with their introduction to the feld, and over
the last two decades countless improvements and widgets have been developed for the
vehicles performing this mission [36].
Growing from the success of small ground robotics applications, many more robotic
platforms were proposed and developed for numerous military applications. There are
far too many platforms and technologies developed during the 2000 - 2015 timeframe
to enumerate; a representative subset of the types of UGVs platforms and technologies
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developed can be found within the research portfolio of the now-defunct Joint Ground
Robotics Enterprise (JGRE), some examples of which can be found in [121], [122], and
[171].
Recently, again in the face of irregular warfare and cost concerns, the U.S. military has
adopted the idea of robotisizing existing platforms rather than developing new ones. The
goal is to cost-effectively introduce “optionally manned systems” [161]. In particular, the
U.S. Army is currently targeting logistics operations for robotization [84]. The goal of
this program is to feld unmanned convoys for wartime logistics operations by 2022. In
addition to that effort, the U.S. Army has recently begun early steps in the developent of
new robotic ground vehicles for combat operations [65].
Both of these programs aim to introduce autonomy to ground vehicles, which is an
extreme challenge for military operations. Military vehicles, unlike commercial vehicles, must operated in unstructured, unpredictable, dense urban, and off-road environments
[246]. Furthermore, military vehicles must understand the rules of engagement, or how to
interact with enemy combatents. Additionally, military UGVs must be tested to a much
more rigorous degree than commercial vehicles to be deployed in the feld, and this testing
is often prohibitively expensive and limited in scale [89]. So the question currently facing
the military is how to integrate this autonomy into its current and future UGV feet.
The challenge of integrating autonomy into the military UGV feet is the motivation for
this dissertation. For the U.S. Military to maintain overmatch of its potential enemies, it
must fully leverage new and “game-changing” technologies. However, no mobility modeling tool exists for modeling the mobility of autonomous UGVs. This lack creates a large
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hole in the UGV acquisition process. All stages of the felding of an autonomous UGV are
hampered by this lack of mobility modeling.

1.4

Problem Statement: How to Integrate Autonomy into Unmanned Ground Vehicles?
Unmanned and autonomous ground vehicles are the future for military vehicle sys-

tems. As autonomy technology advances and the Armed Forces continue to draw down
on manpower, an urgent need to adopt autonomy has come into existence. However, compared to the rigorous acquisition process described above for manned ground vehicles, a
formalized method for the acquisition of autonomous ground vehicles does not currently
exist. The barriers to development of a method are many and varied, from the challenges of
developing robust autonomy algorithms in the design phase to the high-cost and inherently
unrepeatable nature of the feld testing phase.
The following dissertation will address one of the barriers to deployment of autonomous
ground vehicles for military applications and focus on one aspect of autonomy performance: autonomous ground vehicle mobility. Measuring mobility, as defned in Section
1.2, is critical to understanding the mission-level capabilities of ground vehicle platforms.
This understanding not only enables developers to design more effective vehicles but also
enables testers and decision makers to successfully feld these vehicles. Traditionally, one
way mobility is assessed is by using modeling and simulation tools to measure missionlevel ground vehicle performance.
Since the 1970s, mobility modeling tools have played a critical role in the acquisition
of ground vehicles. Mobility modeling tools are software tools that take as input informa7

tion about the ground vehicle and the environment and generate maps describing where
within the environment the vehicle can operate. Mobility modeling tools support the endto-end ground vehicle acquisition process. Developers leverage them to understand ground
vehicle performance in a mission setting, which in turn informs early design choices. Requirements writers for new ground vehicle systems can use these tools to understand what
requirements are necessary for a ground vehicle to operate in a given mission environment.
Analyses performed using these tools also provides decision makers critical information in
the feld as to what vehicle is best suited to perform a given mission on a given day.
Previous mobility modeling tools have relied on data from vehicle unit testing, and
as stated above this method of developing mobility modeling tools is not valid for autonomous ground vehicles. The nature of autonomy and the speed with which autonomous
technology is advancing make the development of standard, universal testing methods a
near-impossible task. Part of this nature is the fact that the basic mechanical mobility of
the vehicle hardware systems does not fully capture autonomous performance.
Several studies have broached the subject of standard tests for autonomous UGVs. The
frst study to propose standards for autonomy for UGVs comes from the National Institute
for Standards and Technology (NIST) [8]. In it, the authors state that “There cannot be
a science of intelligent systems without standard units of measure [8].” To that end, the
authors propose using metrics for human performance as measures of UGV “intelligence.”
At the outcome of this study, the authors conclude that the variation in environment and
mission faced by autonomous UGVs is too great to develop a core set of tests. Instead,
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future works derive metrics for a subset of UGV missions: urban search and rescue [102,
139]. Further testing metrics have focused on human-robot interaction [54, 69].
Mobility modeling tools for evaluating autonomous mobility are sparse, and for autonomy to be felded for military ground vehicle operations, a comprehensive tool for
modeling autonomous mobility is necessary. As no such tools currently exists, this dissertation will present a new mobility modeling tool for assessing autonomous mobility:
The Reference Autonomous Mobility Model (RAMM).

1.5

Dissertation Outline
The research presented in this dissertation follows the development of the RAMM

through the stages presented in each Chapter. First, Chapter 2 looks at the nature of modeling and simulation tools, with a particular emphasis on how models and simulations are
verifed and validated. As shown in Section 1.3, mobility modeling tools for ground vehicle acquisition must be validated to a high degree. Therefore, Chapter 2 lays the foundation
for how the RAMM will be later be validated.
Chapter 3 will provide a further review of pertinent literature to the presented dissertation by providing a historical perspective on mobility modeling for ground vehicles.
The format of this chapter will break mobility modeling down into two types of mobility: mechanical mobility, the physical mobility performance of the hardware platform, and
autonomous mobility, the performance of the autonomy algorithms. These two types of
mobility will be defned in detail in this Chapter. This historical review will also give
a brief introduction to the key tools available for mechanical mobility modeling and in9

formation on the limited tools and methods proposed to date for modeling autonomous
mobility.
Next, building off Chapters 2 and 3, Chapter 4 will explore the lack of a theoretical framework for V&V of simulation environments for predicting the behaviors of autonomous robotic systems. Chapter 4 will propose a new framework for the V&V of simulations of autonomous robots. The framework proposed in this Chapter is extended from
the frmly established methods already developed for V&V of simulation models found in
Chapters 2 and 3. Chapter 4 will conclude with the application of the new V&V approach
to an example autonomous ground robot navigation algorithm: stop sign detection using a
color camera.
Chapters 2, 3, and 4 lay the groundwork for developing the RAMM, which was presented in Chapter 5. Like the NRMM, the RAMM will be used to show developers the
impacts of design changes on mission performance and help mission planners understand
the capabilities of an autonomous UGV. Chapter 5 will show that some of the key factors
infuencing mission performance are sensor and autonomy algorithm performance. Chapter 5 will provide two test cases for the RAMM.
This dissertation will conclude with a study to explore the application of the RAMM
methodology to one mission in which traditional mobility modeling methods prove inadequate: route planning through urban areas for an autonomous UGV. Using the RAMM
derived in Chapter 5, Chapter 6 will examine the effect of sensor outputs on autonomy
capabilities. Using the measured impact of sensor outputs, the RAMM will be used to
plan full-scale autonomous operations in a dense urban environment. Specifcally, the
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RAMM framework will be used to develop and apply a novel route planning algorithm for
autonomous navigation through urban environments.
Finally, Chapter 7 will provide concluding thoughts on autonomous mobility for military ground vehicles, a reiteration of the dissertation problem statement, a summary of the
work presented in this dissertation, and suggestions for ongoing research in both refnement of the RAMM and the study of autonomous mobility in general.
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CHAPTER 2
A HISTORICAL REVIEW OF THE DEVELOPMENT OF VERIFICATION AND
VALIDATION OF THEORIES FOR SIMULATION MODELS

2.1

Abstract
Modeling and simulation (M&S) play a critical role in both engineering and basic re-

search processes. Computer-based models have existed since the 1950s, and those early
models have given way to the more complex computational and physics-based simulations used today. As such, a great deal of research has been done to establish what level
of trust should be given to simulation outputs and how to verify and validate the models
used in these simulations. This paper presents an overview of the theoretical work done
to date defning formal defnitions for, and methods of, verifcation and validation of computer models. Simulation models are broken down into three broad categories: analytical
and simulation models, computational and physics-based models, and simulations of autonomous systems, and the unique theories and methods developed to address verifcation
and validation (V&V) of these models are presented. This paper also presents the current
problems in the theoretical feld of V&V for models as simulations move from single system models and simulations to more complex simulation tools. In particular, this paper
highlights the lack of agreed-upon methods for V&V of simulations of autonomous sys-
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tems, such as an autonomous unmanned vehicles, and proposes some next steps needed to
address this problem.

2.2

Introduction
Computer simulations of physical systems and processes became a critical part of

science and engineering research in the mid to late 1950s as computer systems became
smaller, faster, and more readily available. Early concepts and theories of simulations and
their applications were frst introduced in [64, 231, 135], and these concepts were further
refned in [131] and formalized in [136] and later [185]. Early simulations were readily
adopted into a wide range of research areas, including geology [85], human anatomy and
biology [208] [10], and electronics [204]. These early studies and simulation applications
laid the foundation for the prolifc use of simulations seen today.
The use of simulations for both basic research and applied engineering increased exponentially as computers continued to become ever smaller, cheaper, and faster. In fact,
modern simulations consist of empirical/effects-based modeling to numerical, computational, and physics-based models, with early works in computational models focused on
fuid fow problems [56, 23]. More attention is given to the computational fuid dynamics
(CFD) simulations in Section 2.3.
For practical engineering problems, simulations are of value only if the results of these
simulations can be trusted. Since the inception of M&S, the concept of verifcation and
validation (V&V) of simulation models has been defned and formalized using theoretical frameworks and methods for V&V, starting with [63] and continues on today. These
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methods were developed primarily for empirical process modeling, though, and with the
increased use of physics-based computational models, a qualitative, experimental-based
method for V&V became the standard. If the simulation results more-or-less match the experimental results, the simulation is considered reasonably validated and useful for more
complex test cases, such as shown in [37].
While a frm theory and methodology for the verifcation and validation (V&V) of the
different types of models used today exists, there is one major area where these methods
fall short: simulations of autonomous robots. Simulations of autonomous systems do not
involve a single model or even a coupled system of two models (discussed in Section 2.3)
but rather are simulation environments: software tools involving multiple models working
in concert to simulate the outputs or behaviors of complex systems. In fact, no theory has
been agreed upon to date for how V&V of simulation environments should be performed.
While each individual model can be V&Ved, this does not necessarily guarantee that the
overall simulation outputs will be accurate.
To that end, the goal of this paper is to provide a thorough background on the theory
of V&V of simulations, including analytical and simulation models (Section 2.3), computational and physics-based models (Section 2.4), and simulations of autonomous systems
(Section 2.6). Additionally, Section 2.6 discusses the limited V&V methods for simulating
autonomous agents proposed to date and highlights the lack of research related to validation of simulations of autonomous robotic systems. Section 2.7 concludes this work by
presenting the need for a new theoretical framework for V&V of simulation environments
for autonomous robotic systems.
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Several important terms are used throughout this paper, and it is pertinent to defne
them here. For the purposes of this paper, V&V “theories” are conceptual frameworks
for how V&V should be performed as opposed to V&V “methods”, which are the means
by which V&V is carried out. In other words, V&V theories are the overarching concept
for how V&V methods should be applied. As for model and simulation, the defnitions
provided by [63] are used:
Model: A physical, mathematical, or otherwise logical representation of a system,
entity, phenomenon, or process.
Simulation: A method for implementing a model over time.
Also for this paper, in order to logically present the V&V literature, models are broken
down into three broad categories: (1) analytical and simulation models, (2) computational
models and physics-based models, and (3) models of autonomous agents. By analytical
and simulation models, this paper refers primarily to event-driven discrete probabilitybased models. Likewise, computational models and physics-based models refer to timestepped continuous physics-based models with the key difference being computational
models strict focus on solving the complex equations governing a system rather than simulating a general phenomenon.
In addition to the current work, several outstanding reviews of the V&V literature can
be found. These include [254], [18], and [169]. The key difference between these and
the current work is in the focus on autonomous systems. All these references provide an
excellent review and details on the current V&V techniques, they do not provide a history
of the development of these techniques. Likewise, they do not address the lack of methods
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for simulations of autonomous entities, and robots in particular. Therefore, this paper
seeks to fll in the gaps left by these works and point out the shortcomings in the current
techniques for addressing simulations of autonomous robots.

2.3

Verifcation and Validation of Analytical and Simulation Models
A substantial amount of research has been performed to defne methods for verifying

and validating computer models. The bulk of the early research done focuses on analytic/discrete event models and simulation models. These types of models are most often
models of processes, such as economic forecasts or manufacturing outputs, versus physical
phenomena, such as fuid fow.

2.3.1

Early Efforts to Defne Verifcation and Validation for Analytical Models

The frst models developed were exclusively analytical models, which used computers
to solve discrete event models, both equation and logic-based, as described in [196], which
represent systems or problem entities. As such, the earliest adopters of computer simulations were not physical scientists and engineers but rather political/behavioral scientists
[39] and economists [9] [70].
Coming from the political sciences, an early defnition for what constitutes a simulation appears in [90]. Hermann defnes a simulation as “the partial representation of some
independent system” and he states that the primary use of simulations is to increase “understanding of the system it intends to copy” [90].
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The earliest work on defning verifcation of computer simulations was that of the
economist Fritz Machlup [132]. Machlup provides the frst formalized defnition of the
concept of verifcation as:
“Verifcation in research and analysis may refer to many things, including
the correctness of mathematical and logical arguments, the applicability
of formulas and equations, ..., the reliability and exactness of observations,
the reproducibility of experiments, the explanatory or predictive value of
generalizations” [132].
Verifcation is further defned by Naylor and Finger in [148]. They draw heavily from
the previous work in model V&V done by Machlup and others in the feld of economics
and apply them to industrial models. They propose the idea of a validation score based on
“the ’goodness of ft’ of time series generated by computer models to observed historical
series” [148].
Expanding upon this work, V&V were more formally defned by Fisher and Kiviat:
“Verifcation ... determines whether a model actually behaves as an experimenter assumes
it does; [and] validation ... tests whether the model reasonably approximates a real system”
[67]. They further state that ”Validation tests the agreement between the behavior of a
simulation model and the observed behavior of a real system” [67]. Fisher and Kiviat’s
work is further developed by Horn in [233], wherein he defnes validation as “the act of
increasing to an acceptable level the confdence that an inference about a simulated process
is correct for the actual process” [233].
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Mihram also sought to defne V&V in [143] and [142]. In [143], Mihram states that
“the credibility of any modeling effort rests on the concrete demonstrations that the resulting model represents reality.” Indeed, the idea of credibility is common throughout much
of the early efforts to defne validity.
To summarize, the earliest work in V&V of analytic models provides the following
defnitions for verifcation and validation. Verifcation of a model ensures that the model
works as expected. Verifcation is a software-level process that does not necessarily require
information about the model’s outputs; it is more of a check that the model’s equations are
implemented in software correctly. Validation is the testing of model outputs against experimental data to see if the model provides accurate outputs. Together, V&V of a model
insures that the model works correctly and provides accurate and meaningful outputs. Furthermore, the ultimate goal of validation is to establish trust/credibility in a model such
that the model can be used to predict problem entity behaviors in untested cases. These
defnitions are common among all future model and simulation types and will be used
throughout the following sections.

2.3.2

Verifcation and Validation of Simulation Models

As computers became more powerful and prevalent, models moved from analytical
models to simulation models and the simulation of a system rather than the solving of
equations using computers. Many early simulation models were adopted within the feld
of operations research [123, 50, 52]. Analytical models prove largely inapplicable to the
the operational research feld, which requires a simulation of a system or problem entity
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versus an analytical equation representing the system or problem entity. One key study on
the transition from analytical to simulation models can be found in [203]. As this transition
occurred, the ideas of V&V had to be redefned.

2.3.2.1

Early Efforts and Defnitions

One of the frst works defning this transition from analytical to simulation models was
that of Ignall et al. [101]. They argue that “the conditions assumed by solvable analytic
models do not hold in the real world” and they go on to suggest validating analytical models
against simulations. They do not, however, offer a solution to validating simulation models
themselves.
One early method of validating simulation results can be found in [114], which offers
a geometric scoring model based on the differences in simulated and live testing missile
trajectories and target miss/hit distances. The idea of scoring metrics or fxed criteria is
also found in [194]. While these works build upon earlier research efforts (e.g. [148]) and
attempt to provide a solid means of validating simulation models, they do not lay a frm
theoretical basis for how validation should be performed.
One popular concept that arose out of simulation models was that of a simulation metamodel. A metamodel represents the generalization of a simulation model back into an analytical model. This generalization most often took the form of a regression analysis of
simulation results across “a number of situations (different parameters, variables, structure
relationships) ... to arrive at an understanding of the system” [116].
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The major beneft of metamodels at the time was that they were easily validated. A
regression metamodel could be compared to real world results to check whether, statistically, the metamodel was in good agreement with the experimental data obtained. In [71],
several approaches to metamodel validation are proposed.

2.3.2.2

Formal Theories for Verifcation and Validation of Simulation Models

The earliest work to establish a well-defned methodology for V&V of simulation
models was performed by Naylor [148]. After some time, his work was followed by
Schlesinger et al. [195]. Schlesinger defned validation as the “substantiation that a computerized model within its domain of applicability possesses a satisfactory range of accuracy consistent with the intended application of the model” [195]. For a time, it was the
most commonly accepted defnition for model validation.
The next formal effort in defning V&V was that of Őren, defned the acceptability of
simulation results. While focused more on acceptability of simulation studies in regard
to not only results validity but cost and time concerns, Őren provided some insight into
how to validate simulation results as found in [158] and [159]. In these works, he defned
validation as an “assessment of a model with respect to the real system” [159].
In later works, Sargent provides what is still one of the most widely accepted defnitions
for V&V of simulation models. First proposed in [188] and further refned in [191], [190],
and [192], Sargent uses Schesinger’s defnition for validation. He then goes on to propose,
for the frst time, actual formal methods for verifying and validating simulation models.
He provides four methods of performing V&V [190, 192]:
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1. The model development team decides if and when the model is valid for its application domain,
2. The model development team works in close collaboration with the model’s end
users so that these users defne the validation of the model,
3. A separate third party assesses the validity of the model in independent verifcation
and validation (IV&V), and
4. The use of scoring models.
Sargent presents the relative strengths and weaknesses of each method. According to
Sargent, the frst approach, allowing the model developers to assess validity, is often too
subjective and biased. The third method, the use of IV&V, provides the most credibility
to the model, but is too prohibitively expensive to be practical [247]. The use of scoring
models, such as those found in [14] and [75], is the least worthwhile method because “(1)
a model may receive a passing score and yet have a defect that needs to be corrected, (2)
the subjectiveness of this approach tends to be hidden resulting in this approach often appearing to be objective, (3) the passing scores may be decided in some (usually) subjective
way, (4) the score(s) may cause over confdence in a model, and (5) the scores can be used
to argue that one model is better than another” [190]. Sargent concludes by recommending
method 2 as the best method.
Sargent also presents a model for the model development process and the relationship
between models and reality. The simple version of this model is shown in Figure 2.1 and
the more detailed version is shown in Figure 2.2.
Since their original publication, these models have been widely adopted throughout
the modeling and simulation community (see [16], [183], and [117]). Sargent’s model of
V&V starts from a set of system theories, or the generalization of the underlying problem
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Figure 2.1
The basic model development cycle proposed by Sargent.
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Figure 2.2
The detailed model development cycle proposed by Sargent.
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entity. These system theories are then used to form analytical models, which in turn form
the simulation models. The implementation of the simulation models is verifed for proper
coding and the simulation models themselves are validated through comparison to realworld experiments. If the comparison of real-world to simulation-world is “reasonable,”
the systems theories and therefore the simulation model(s) are considered to be validated.
In light of this model, Sargent outlines several validation methods to apply throughout the model validation cycle. These validation methods include comparison to other
valid models, event validity, extreme condition testing, historical data validation, parameter variability sensitivity analysis, predictive validation, Turing tests, and others. Details
on each of these methods are given in [188].
For simulation models, Sargent’s work is still the most widely accepted framework for
how V&V should be performed. However, another leading expert in the feld is Balci, who
provided a more exhaustive taxonomy for the verifcation, validation, and accreditation
(VV&A) process [17]. Starting from [153], Balci defned a full taxonomy and dictionary of
V&V processes and techniques. Another taxonomy for model trust and validation methods
can be found in [159]. Like Sargent, Balci stated that V&V should be a constant ongoing
process throughout the model development cycle.
Balci championed the idea of statistical model validation through hypothesis testing
[20, 21, 22]. His recommended validation method is the comparison of graphical outputs
from simulations (e.g. a metamodel) with experimental data and testing the degree of
statistical agreement between the two. Balci also dealt with the concept of verifcation in
[19] and spoke to the necessity of verifcation in the formulation of simulation models.
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2.3.2.3

Later Efforts

Sargent’s method has been applied extensively throughout modeling and simulation
research, and the concepts of model validation have evolved over the last 40 years. Sargent
continued to work in this feld to refne the applicability of his framework, as shown in
[193], and his full body of work is summarized in [193]. Balci also continued his efforts
in defning V&V, with later works found in [15] and [18]. In these works, Balci proposed
15 principles for V&V. Taken from [18], these principles are presented below:
1. “V&V must be conducted throughout the entire M&S life cycle.
2. The outcome of VV&A should not be considered as a binary variable where the
model or simulation is absolutely correct or absolutely incorrect.
3. A simulation model is built with respect to the M&S objectives and its credibility is
judged with respect to those objectives.
4. V&V requires independence to prevent developer’s bias.
5. VV&A is diffcult and requires creativity and insight.
6. Credibility can be claimed only for the prescribed conditions for which the model or
simulation is verifed, validated, and accredited.
7. Complete simulation model testing is not possible.
8. VV&A must be planned and documented.
9. Type I, II, and III errors must be prevented.
10. Errors should be detected as early as possible in the M&S life cycle.
11. Multiple response problems must be recognized and resolved properly.
12. Successfully testing each submodel (module) does not imply overall model credibility.
13. Double validation problems must be recognized and resolved properly.
14. Simulation model validity does not guarantee the credibility and acceptability of
simulation results.
15. A well-formulated problem is essential to the acceptability and accreditation of M&S
results.”
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These principles contain the concepts of all the works that come before [18]. This
paper again claims that V&V should be a constant process throughout model development
(principle 1), and that V&V should involve a scoring mechanism (principle 2). Balci, like
Sargent, also states that a model is valid only for those cases for which the model has been
V&Ved, or a model is applicable only to its particular domain (principle 6). The remaining
principles expand upon the methods of V&V from a qualitative perspective.
One notable contemporary of Sargent and Balci is Robinson. In [183], he defnes
verifcation as “the process of ensuring that the model design (conceptual model) has been
transformed into a computer model with suffcient accuracy” and validation as ”the process
of ensuring that the model is suffciently accurate for the purpose at hand” [183]. Both of
these defnitions are in line with previous defnitions. He also further echoes previous
V&V theories by stating ”A model is only validated with respect to its purpose. It cannot
be assumed that a model that is valid for one purpose is also valid for another.” [183] This
stance also draws heavily from Sargent.
Despite all this work, the problem of V&V for these types of models continues to remain unsolved. In [193], Sargent states that “there is no set of specifc tests that can easily
be applied to determine ’correctness’ of a model.” Taylor et al come to a similar conclusion
in [227], stating “From a technical system perspective, the verifcation and validation of
models and of simulations in its own right are still challenges that have not been solved.”
However, despite their incompleteness, much of Sargent’s and Balci’s processes can be extended to computational and physics-based models. Many contemporaries working in the
feld of V&V for these types of models draw heavily from the processes and frameworks
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presented above. The applicability of each of the methods presented above and the models
presented in Figures 2.1 and 2.2 to computational and physics-based simulations, along
with newly proposed methods, are discussed in the following section.

2.4

Verifcation and Validation of Computational and Physics-based Models
With the advent of computational simulations, the concept of V&V for models and

simulations shifted, and theoretical work into the nature of V&V sharply declined. Increased computational power enabled simulations to move from process models to simulations of physical phenomena, and this shift made simulations somewhat easier to validate.
Most computational simulations focus on a fxed, small-scale system, with some of the
earliest computational models, such as those found in [170] and [149], focusing on fuid
fow and moisture transport.
Most early computational models can be thought of as numerical models (see [248],
[160], and [44]). These models were validated by a one-to-one comparison with realworld data using primarily the graphical methods described by Sargent, Balci, and others
as presented in Section 2.2. These types of models generally fall into two categories: computational models that seek to solve complex equations that model physical systems and
physics-based models that involve coupled systems of computational models to simulate a
physical system.
In a sense, computational models can be thought of as analogous to analytical models,
as both seek to determine the results of a given equation describing a system or problem
entity, and physics-based models can be thought of as analogous to simulation models, as
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both seek to recreate and/or predict the behaviors of a given physical system or process.
The following section provides details on the V&V concepts and frameworks developed
for computational and physics-based models and simulations.

2.4.1

Verifcation and Validation of Computational Models

The earliest work in defning V&V for computational models strictly involved computational fuid dynamics (CFD) codes, and frst attempts at defning V&V for CFD codes
were those of Blottner and Larson as described in [35]. In this work, Blotter defned verifcation as “solving the right equations” and validation as “solving the equations right.” Here,
the defnition of verifcation changed. Rather then ensuring the computer code compiles
and executes correctly, now the code must be verifed to be solving the correct equations.
This verifcation is realized by comparing model outputs against known solutions for the
given equations.
The frst formal framework for V&V was proposed by Oberkampf in [151] and later
refned by Aeschlitnan et al. in [6]. In [6], the recommended best practice for verifcation
was “comparison to exact analytic solutions or results from previously verifed codes and
secondarily comparisons to experimental data.” Similarly, the recommended method for
validation “should be ... comparison to carefully designed and conducted experiments.”
It is worth noting that these methods are some of the same as those proposed by Sargent.
These defnitions were accepted and presented in Roache’s canonical textbook ”Verifcation and Validation in Computational Science and Engineering” [182].
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Building off these works, the most often cited theories and practices in computational
model V&V come from Oberkampf and Trucano and are presented in detail in [154]. In
[154], they state that ”verifcation is the assessment of the accuracy of the solution to a
computational model by comparison with known solutions. Validation is the assessment of
the accuracy of a computational simulation by comparison with experimental data...Stated
differently, verifcation is primarily a mathematics issue; validation is primarily a physics
issue” [154].
Oberkampf and Barone also provide a formal model design process in [152], as is
shown in Figure 2.3. Here, the model’s score is a function of its agreement with real-world
experimentation.

Figure 2.3
A model development cycle for computational models.
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Here, Sargent’s “System Theories” were replaced with the underlying physics of the
problem entity. Within computational models, this physics was generalized to form a parametric model of the equations to be solved - similar to how analytical models are formulated. The equations that can be implemented in code and the results of simulated computations are compared to physical experiments and then assigned a pass/fail score based on
the scoring metric. If the model does not pass validation, the parameters are adjusted until
the model is suffciently accurate.
Comparison of simulation output to experimental results has become the standard V&V
practice for computational models, and some theoretical work has been done to formalize
this aspect of the V&V process. In [99], Humphries and Gurney state that “if a computational model does not ft existing experimental data, then the model is probably inadequate.” They go on to provide four methods of data-ftting at four levels of accuracy:
“(L1) Trends: matching directional changes in an experimental variable
across experimental conditions; (L2) Means: matching mean values of an
experimental variable across experimental conditions; (L3) Distribution:
matching the distribution function of an experimental variable across
experimental conditions; (L4) Exact values: matching experimental variable values
across experimental conditions. Note that each level is a stronger
validation of a model than its predecessors, and necessarily subsumes them: for
example, if the model fts the mean data values, it must also have captured
the trends in that data.” [99]
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Oberkampf et al. in [157] and Oberkampf and Barone in [152] provide a formal method
to achieve this validation and offer numeric metrics for assessing a computational model’s
level of validation. In [152], V&V is again defned as “Verifcation is the assessment of
the accuracy of the solution to a computational model ... validation is the assessment of
the accuracy of a computational simulation by comparison with experimental data” [152].
In [152], Oberkampf and Barone point out several weaknesses in the graphical validation
methodology given in [99], including its non-statistical nature, i.e., comparing a fxed value
computation to an inherently statistical physical process. Oberkampf and Barone take the
position that a quantitative metric of comparison should be used to score the level of validation for a computational model. While this represents a scoring model, which Sargent
argued against, it is a mathematical score and not subject to the degree of subjectiveness
found in earlier scoring models. Specifcally, for their work, Oberkampf and Barone refer
to Balci’s body of work, along with the more recent efforts found in [92], and use statistical confdence intervals as a means of scoring simulation validation in line with what is
proposed in [213], as discussed in the following section. These metrics, along with what
a metric is and is not, and an example application can be found in [152]. Oberkampf
provided further benchmarking metrics in [156].

2.4.2

Verifcation and Validation of Physics-Based Models

Physics-based models can be thought of as an extension of computational models.
There are some differences, however. While computational models focus on using computing power to solve complex equations, physics-based models are designed to recreate
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and often predict the outcome of physical processes. To that end, most physics-based models are often part of multi-physics simulations wherein several physics-based models with
some form of inter-model coupling are run simultaneously to recreate a complex physical
phenomenon.
The current experiment matching approach to V&V has proven acceptable for singlesystem computational simulations, and in particular the solving of partial differential equations describing physical processes (heat transfer, fuid fow, etc.). However, not as much
work has been done to determine whether this approach is valid for fully physics-based
simulations for simulating complex systems or systems of systems. A good place to see
this is in the modeling of sensors. For example, a Light Detection and Ranging (LIDAR)
sensor simulation or computational model can be validated against experimental data in
a laboratory setting, but does that mean that the same sensor model is validated for use
in more complex environments with complicated sensor-environment interactions? Furthermore, does the model have to be re-validated for each possible environment using
additional experimental data?
The goal of physics-based models is to answer these questions. In theory, if the underlying physics of the system or problem entity can be modeled accurately, the model should
provide accurate results regardless of the simulation environment. However, in practice
this is often not the case. For example, in [93], it is shown that a physics-based model will
produce invalid results when the underlying assumptions are violated. The goal of physicsbased simulations is the same as that of computational simulations: to capture emergent behaviors of the problem entity to test extreme cases not feasibly tested through experiment.
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This idea of physics-based simulations as a means of predicting the behaviors of complex
physical systems is frst found in [59]. In this work, Easterling stated that “it is critically
important, for the sake of credible computational predictions, that model-validation experiments be designed, conducted, and analyzed in ways that provide for measuring predictive
capability” [59]. To that end, he provided a model for quantifying the uncertainty in model
predictions, which is shown in Figure 2.4.

Figure 2.4
The model for measuring uncertainty of model predictions.

This framework starts from the intended use of the computational tool, and in a manner similar to Sargent’s original model, develops requirements from the intended use and
calculates uncertainty measures coupled with real-world experiments to assess the model’s
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validity. Based on performance, the model is adjusted until the requirements are met. Another similar framework for V&V of physics-based simulations is that of Bayarri et al.
[26], which presents a six-step framework for V&V:
1. Specify model inputs and parameters with associated uncertainties or ranges - the
Input/Uncertainty (I/U) map,
2. Determine evaluation criteria,
3. Collect data and design experiments,
4. Approximate computer model output,
5. Analyze model output; compare computer model output with feld data, and
6. Feed information into current validation exercise and feed-forward information into
future validation activities.
They further refne this framework in [24] to include uncertainty in the model inputs.
Building off of the concepts found in [12], Sornette and associates give a canonical
theory of validation for physics-based models and multi-physics simulations. Sornette et
al. propose V&V concepts frst in [212] and with additional researchers further refne these
concepts in [213]. For their work, they defned validation “as the process of determining
the degree to which a model is an accurate representation of the real world from the perspective of its intended uses” [213]. This defnition is identical to Sargent’s; a model must
be validated to ensure some minimal degree of accuracy for a given system or problem entity. The only difference is that here the system/problem entity is a physical phenomenon
in the real world instead of a generalized process.
They go on to argue that “a potentially far-reaching consequence of validation is to give
the ’green light’ for extrapolating a body of knowledge, which is frmly established only
in some limited ranges of variables, parameters, and scales. Predictive capability is what
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enables us to go beyond this clearly defned domain into a more fuzzy area of unknown
conditions and outcomes.” [213]. This argument echos Easterling’s idea that physics-based
models should be used to predict behaviors in otherwise untestable conditions, which is the
primary goal of computational models in general.
Unlike Oberkamf, Easterling and Sornette et al. deviate from a standard true/false
statistical validation metric and proposed a more robust statistical measure of validation.
Both works propose a scoring model based on a level of trust given to model outputs based
on prior knowledge of the system being modeled.
Another paper that discusses the V&V of multi-physics simulations is Avramova and
Ivanov’s 2010 paper [11]. Avramova and Ivanov propose that the verifcation process now
involves ensuring that the separate physics-based models communicate in an appropriate
manner:
“The extended verifcation procedure involves testing the functionality, the
data exchange between different physics models, and their coupling, which
is designed to model combined effects determined by the interaction of models
The extended validation procedure compares the predictions from couples
multi-physics code systems to available measured data and reference” [11].
Once verifed, the V&V process tracks along with the framework and processes presented above: simulation outputs are matched to experimental outputs. This matching does
not use Sargent’s methods, but rather statistical metrics. This is due to the subjective nature
of validation scoring methods, and many specifc validation metrics have been proposed
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based on Sornett et al.’s arguments. An overview of the metrics used to date can be found
in [155], [129], and [128].

2.5

Contemporary V&V Efforts
In recent years, many new theories and methods for the V&V of models and simu-

lations have been developed. While most of these works have not entered into the V&V
“cannon”, as it were, they are still certainly worth mentioning. These include the additional works of Bayarri, including [25] and [26]. In this research, he outlines the six-step
validation process presented in the previous section. This validation process is somewhat
different than Sargent’s. It is linear, rather than cyclical, with an added focus on acceptance
criteria. It does, though, end with the concept of feedback between model and real-world
experiments. With the rise in popularity for M&S across the scientifc and engineering
felds, many new texts dealing strictly with M&S have been published, such as [210],
[211], and [41]. Each of these texts provide their own insights into the V&V process, but
ultimately they rely on the established methods contained within the literature.
Outside of the traditional concepts of V&V, many of these new V&V efforts are directed towards the ideas of models and simulations in the presence of uncertainties. These
include later works co-authored by Roy and Oberkamf, such as [186], which again relies
on the ideas of a statistical comparison of model outputs to experimental data, only in this
case input data to the model are inherently random/uncertain and these validation techniques are used to later quantify the uncertainty of the system. In 2014, Mehrabadi et al.
formalized the idea of V&V under uncertainties as the Verifcation, Validation, and Uncer36

tainty Quantifcation (VV&UQ) framework, with specifc application to power electronics
systems [137]. The idea of this VV&UQ framework is further expanded upon in [60] and
[236]. In [236], V&V is defned as the “Process for determining what simulation models
can/cannot do” and uncertainty quantifcation is defned as the “Process for quantifying
how uncertainties affects[sic] a simulation model.” Each of these works propose a variation on the theme of inputing inherently uncertain data into the model to quantify how
these uncertainties effect the output data, thereby allowing a quantifcation of the uncertainties within the system to be modeled. In addition to these frameworks, [187] proposed
the use of Bayesian networks to integrate verifcation, calibration and validation results to
compute overall system-level uncertainty. In addition to the discussed literature, a good
general overview of uncertainty quantifcation is presented in [207].

2.6

Verifcation and Validation of Simulations of Autonomous Systems
The closest related feld to modeling and simulation of autonomous systems is the feld

of human behavior modeling. Human behavior models take the form of analytical models:
the underlying problem entity is the expected behaviors or decisions of a human in a given
situation or under a given set of circumstances, and these behaviors are modeled using
equations. A good overview of human behavior modeling can be found in [164]. While
numerous methods are used to describe the human entity, such as fnite state machines
or fuzzy neural nets, but in general, human behaviors can be modeled using equations to
represent mental state of the entity in question and models how different stimuli result in
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state transitions. These types of models are typically applied in the feld of economics for
use in predicting consumer behaviors and forecasting future spending [228, 45, 163].
Within the feld of robotics, many software simulation tools, such as [77], [118], [141],
and [237], have been developed to simulate autonomous ground robots. These simulation
environments leverage computational and physics-based models of the robot’s sensors and
mobility platform to try to predict the autonomous behaviors of the robot. These simulations can be thought to mirror human behavior modeling: the robot has various internal
states (position, velocity, world model, etc.) and transitions between states occur as a function of input sensor data. The goal of these simulators is the same as the models discussed
in this paper: to be validated such that they can be used to predict robot behavior for those
scenarios that cannot be recreated in the feld.
Simulating autonomous robots is particularly challenging. These simulations involve
multiple physics-based simulations working in concert. Each of these models need to be
validated separately, but how to validate the overall simulation of these combined models
remains an unanswered question. In fact, it has been shown in [243] and [242] that separately validated models can produce invalid outputs when combined. Therefore, novel
theories are needed to provide the framework for what methods to use and how to use them
to validate these complicated simulation tools.
Of the tools developed for simulating robots, only the Urban Search and Rescue Simulator (USARSim) [237] has been validated to any degree. Several efforts have been undertaken to validate USARSim. In [239], Wang et al. noted that “Validating USARSim ...
presents a complex problem because the performance of the human-robot system is jointly
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determined by the robot, the environment, the automation, and the interface.” Or, in other
words, USARSim is a complex simulation involving multiple physics-based models, and
the interactions of these models must be verifed. They went on to claim that a complete
validation is impossible due to the complexity of the problem and the nature of autonomous
systems.
In [47], a qualitative validation was performed by comparing not the direct sensor
model outputs, in this case simulated images to real images, but by comparing the outputs of image processing algorithms (i. e. edge detection or text recognition) using both
real and simulated images. The results of this validation were favorable and provided some
confdence in USARSim’s camera model, but not a comprehensive validation of the model
for other environments and algorithms. Finally, in [13], a more formal approach to validating USARSim is presented, and by extension any simulation of autonomous ground
robots, was proposed as follows:
“Whenever a new component (sensor, robot, etc), is added to USARSim,
one or more experiments should be designed in order to assess the accuracy
of the simulation. These validation experiments will be performed twice,
once in the real system and once in a simulation setting resembling as much
as possible the real system used. After the two experiments, results should
be quantitatively compared” [13].
So, as with the computational and physics-based model validations, the results of the
simulation are compared between simulation and experimental testing. Unfortunately, no
guidance is given as to how to set up these experiments or how to quantitatively compare
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the real-world and simulated outputs when the simulation involves a coupled system. New
methods are needed to defne these experiments and validation metrics. For example, the
validation of a given sensor will also imply a validation of the simulation environment
model, and the range of environments and algorithms that need to be tested to validate
the sensor model is undefned. For M&S of autonomous robots to move forward, these
questions need to be addressed and new methods for validation need to be developed.

2.7

Future Challenges and Recommendations
The glaring problem in the feld of V&V for models and simulations lies in the lack

of a theoretical framework for V&V of simulations for predicting the behaviors of autonomous robotic systems. While a frm understanding of how to “trust” a given model, be
it analytical, computational, or physics-based, exists, currently no methodology for V&V
of simulations seeking to predict autonomous robotic behaviors exists. To date, there is no
frmly established formal methodology for obtaining trust in the outputs of these simulations or even for defning what “trust” means.
Despite this lack of validation, many simulation tools have been developed for the
design, development, and testing of autonomous robots, several of which were presented
in Section 2.5. However, very little trust has been placed in these simulation tools. Outside
of basic research use, these tools are not widely used. Sargent’s call for increased validation
and trust in the case of high risk applications is taken to heart, and simulation results simply
are not trusted for the case of autonomous robots operating around humans. A solid theory
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and method for V&V of these simulation tools is necessary before M&S can be fully
leveraged for autonomous robotics applications.
This V&V method represents the future challenge in V&V theory research. Simulations of autonomous robots are simulation environments - software tools involving the cooperation of multiple models working to predict the outputs of a given system. The robot’s
sensors, mobility platform, and software all must be simulated. Each of these subsystems
of the robot are made up of their own models within the simulation tool. For example, a
sensor model might be a physics-based model while a mobility model might be a computational model. V&V theories need to be defned to not only verify how these disparate
models communicate with each other but also validate the outputs of each of these models
and the ultimate outputs of the coupled models.
A good place to start with these efforts would be a search through the V&V methods
for physics-based models. As Avramova and Ivanov stated [11], physics-based models are
often coupled two-system models. For autonomous robots, the simulation environments
are made up of many conjoined models. This type of validation can be done for the basic models (sensors, platform, etc.) in, if not exactly the same, a similar way to those
performed for physics-based models. However, the true challenge lies in validating the
outputs of autonomy software and autonomous behaviors. This is a new kind of validation
not seen elsewhere in the literature, and new theories of V&V need to be developed in this
area.
Therefore, new research into the area of V&V should, at least in part, be directed toward
the V&V of robot simulation tools. Current V&V methods can be applied to the basic
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models making up the autonomous robot simulation tool. However, there are no current
V&V methods for the advanced autonomy simulations. That is, V&V methods exist for
validating the outputs of a sensor model; V&V methods do not exist for validating the
outputs of a simulated autonomy algorithm. So, going forward, particular effort should be
given toward the development of methods for validating the outputs of simulated autonomy
software and autonomous robot behaviors.

2.8

Conclusions
M&S has enjoyed a wealth of success in both basic research and engineering appli-

cations. As models and simulation methods have been developed, methods of V&V have
been developed in kind, and these methods have been based on a solid theoretical background. Presented in this paper is a historical review of the theories and formal methods of
V&V developed to date.
Starting from analytical and simulation models, the earliest methods of V&V were presented. In particular, the works of Sargent and Balci were presented, including their models
of the model development cycle. Developed from simulation models were computational
models, and these new models required new V&V methods, the primary of which was
postulated by Oberkampf. These V&V methods were built using the same general principles developed in the past, with some changes being made to accommodate the nature of
computational models. Moving forward in history, physics-based models were developed,
and their new methods of V&V, with emphasis given to Easterling, were presented.
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This paper moves on to an examination of the methods of V&V for simulations of
autonomous robots. Most of these V&V methods were developed for and applied to the
USARSim simulation tool. These methods all fell short of a full validation of USARSim
and by extension any simulation of autonomous robots. This paper, through a review of the
literature, shows that the question of V&V for simulations of autonomous robots remains
unsolved. Therefore, this paper closes with an examination of this outstanding problem in
the realm of V&V for models and simulations for autonomous robots. Additionally, some
recommendations are given for the direction of future research in this area. In light of this
historical review of V&V methods and insight into the gaps in current V&V methods for
autonomous robotics, a tentative path forward for closing these gaps can be found.
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CHAPTER 3
A HISTORY AND REVIEW OF MOBILITY MODELING FOR AUTONOMOUS
UNMANNED GROUND VEHICLES

3.1

Abstract
Autonomous unmanned ground vehicles (UGVs) are beginning to play a more criti-

cal role in military operations. As the size of the fghting forces continues to draw down,
the U.S. and coalition partner Armed Forces will become increasingly reliant on UGVs
to perform mission-critical roles. These roles range from squad-level manned-unmanned
teaming to large-scale autonomous convoy operations. However, as more UGVs with increasing levels of autonomy are entering the feld, tools for accurately predicting these
UGVs performance and capabilities are lacking. In particular, the mobility of autonomous
UGVs is a largely unsolved problem. While legacy tools for predicting ground vehicle
mobility are available for both assessing performance and planning operations, in particular the NATO Reference Mobility Model, no such toolset exists for autonomous UGVs.
Once autonomy comes into play, ground vehicle mechanical-mobility is no longer enough
to characterize vehicle mobility performance. Not only will vehicle-terrain interactions
and driver concerns impact mobility, but sensor-environment interactions will also affect
mobility. UGV mobility will depend in a large part on the sensor data available to drive
the UGVs autonomy algorithms. A limited amount of research has been focused on the
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concept of perception-based mobility to date. To that end, the presented work will provide
a review of the tools and methods developed thus far for modeling, simulating, and assessing autonomous mobility for UGVs. This review will highlight both the modifcations
being made to current mobility modeling tools and new tools in development specifcally
for autonomous mobility modeling. In light of this review, areas of current need will also
be highlighted, and recommended steps forward will be proposed.

3.2

Introduction
Unmanned Ground Vehicles (UGVs) are an emergent technology that is reshaping

operations for private, commercial, and military ground vehicle applications. From the
Google car [172] to autonomous military resupply convoys [256], UGVs are being felded
in increasing numbers for an increasing number of applications. In particular, increased
autonomy and robust autonomy algorithms are two major areas being explored in current
UGV research. Furthermore, autonomous UGVs are being tested in the feld for “real
world” applications with increased frequency. As UGVs become more autonomous, the
key performance measures that defne a ground vehicle’s performance capabilities will
need to be modifed and redefned. One such performance measure that affects UGV operational performance is platform mobility.
For ground vehicles, mobility is a well-understood problem, and many of the performance measures that defne mobility are set. For example, driver response time and willingness to endure rough terrain can readily be integrated into a mobility model. While
the base mechanical mobility platform is, for the most part, the same between manned
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and unmanned ground vehicles, there are stark differences in their total overall mobility.
For example, autonomy algorithm response time and durability of sensor systems when
traversing rough terrain are not fully understood, and as of this writing, the feld testing data necessary to determine this information is lacking. For manned ground vehicles,
mobility is based on mechanical and driver-centric factors. However, for an autonomous
UGV, driver-centric factors must be replaced with sensor and perception-centric factors.
For example, visible sight distance for a human is different from that of a camera or light
detection and ranging (LIDAR), implying that sensor range factors should now be considered the defning parameters for mobility. This difference is only one example of how
autonomy changes mobility; in general, the factors that affect autonomous mobility are not
yet well defned.
Using defned performance parameters, several analysis tools for measuring ground
vehicle performance capabilities at an operational level have been developed. These tools
are mobility modeling tools. Mobility modeling tools can be defned as:
The use of modeling and simulation tools to predict a vehicle’s mobility in a given
environment and environmental conditions.
The rest of the information presented in this work will be based off this defnition of
mobility modeling. Furthermore, the fnal section of this paper will use this defnition of
mobility modeling along with the review presented herein to defne mobility for future
UGV applications.
One of the more frequently used of these tools is the NATO Reference Mobility Model
(NRMM) [7, 167], which is discussed briefy in Section 3.2. The NRMM was frst de46

veloped in the 1970s and is still used in the military ground vehicle acquisition process
today. The core operational concept of the NRMM is to provide a tool capable of predicting vehicle mobility performance as a function of data related to the vehicle hardware
and the operational environment. This type of performance assessment tool can be used
across the vehicle acquisition cycle, from development to testing and evaluation to felding. It provides a snapshot of how the vehicle will operate during its mission, where it can
and cannot travel within a given terrain, and the impact of design changes on the vehicle’s
mission performance capabilities.
However, in light of the unique challenges autonomy presents to ground vehicle mobility, the amount of research given over to studying “autonomous” mobility have been
developed. For autonomous UGVs to move into the critical roles they need to fll for future operations, both civilian and military, a more robust understanding of autonomous
mobility is required. Given the current shortfalls in the feld of autonomous mobility modeling, the goal of this paper is to provide a thorough history of the methods used to date for
modeling autonomous mobility.
Throughout this paper, frequent references are made to “mechanical” mobility, “autonomy algorithms,” and “sensor-centric / sensor-based” mobility modeling, and as such it is
pertinent to the rest of this paper to defne those terms. “Mechanical” mobility refers to the
hardware limitations of the physical vehicle platform. These limitations, or performance
parameters, are such things as slope climbing, stability and rollover, soft soil performance,
and so on. “Autonomy algorithms” refer to any intelligence software used by the UGV for
navigation purposes. These algorithms take in sensor data and uses it to reason about the
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world and decide the course of action for the UGV. The autonomy algorithms are akin to
the human driver for traditional manned ground vehicles. “Sensor-centric / sensor-based”
factors refer to the physical limitations of the UGV sensor systems. These factors determine the accuracy and availability of data to feed the autonomy algorithms. So, for
autonomous mobility, the sensor-centric factors will determine overall mobility. This idea
is feshed out in full in Section 3.3.
This review frst presents a brief overview of the most commonly used tool for evaluating mechanical mobility, the NATO Reference Mobility Model (NRMM) [7, 167]. This
review is found in Section 3.2. This paper then goes on in Section 3.3 to give a detailed
overview of both the ways the extant mobility tools are being extrapolated for autonomous
UGV applications and the novel techniques that have been developed to address the autonomous mobility problem. In the closing section, Section 3.4, the outstanding problems
facing autonomous mobility modeling are presented and suggestions are made for directing
future autonomous mobility research. The core focus of this work is specifc to mobility
for autonomous UGVs; a history of early UGV development in general can be found in
[74], and a more recent history can be found in [78].

3.3

The NATO Reference Mobility Model
To date, the overwhelming majority of mobility research performed for ground vehi-

cles focuses on the mechanical mobility of the platform. This mobility includes standard
tests such as the NATO double lane change, slope climbing, stability and rollover, and so
on. Prior to the development of autonomous ground vehicles, this mechanical mobility was
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all the information needed to make intelligent decisions about the overall mobility performance of a vehicle. In fact, over the course of the last several decades, several powerful
tools for modeling and simulating ground vehicle mobility have been developed, and a full
review of these tools is outside the scope of the current work. For background purposes,
this paper will describe only the mechanical mobility modeling tool most often used for
military applications: the NATO Reference Autonomous Mobility Model (NRMM).
Recognizing the need for a modeling tool that could answer important questions about
the viability of a ground vehicle for a particular mission and environment, the Army developed a mobility modeling tool for off-road vehicle performance (the Army Mobility
Model [108]). Because of the utility of this model, it was quickly improved upon and
adopted by NATO in the 1970s. The NRMM is an empirical model that was derived from
decades of feld-testing data of ground vehicles. These feld tests encapsulated the overall
performance picture of the ground vehicle’s mobility, including tests such as soft-soil traffcability, gap crossing, and slope climbing, to name only a few. Therefore, the NRMM
is a model comprised primarily of look-up tables and empirically derived speed and force
curves.
At its heart, the NRMM is a lump parameter model. All of the data about the ground
vehicle that are measured using standard tests are parameterized (i.e. tire size, infation,
suspension type, max speed, etc.). Similarly, data about the environment are also parameterized (slopes, soil conditions, gaps, etc.). The NRMM works by comparing the vehicle
data to the environment data using the empirical relations developed through feld testing.
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The NRMM output is used to determine if the vehicle can cross a particular patch of terrain
and, if so, at what speed can it operate.
It is of note that the NRMM is not a single piece of software, but rather a set of mobility
modeling algorithms that can be run in a variety of ways to generate a variety of outputs.
The NRMM has many different modes to provide mobility modeling for numerous mission
conditions, and these modes provide data for a spectrum of mobility analyses, from simple
GO-NOGO to seasonal suitability studies.
As such, the NRMM has several software sub-modules, including ObsMod for determining gap crossing capability and VehDyn for determining ride/shock performance. ObsMod provides an in-line simulation tool to pre-process the gap crossing abilities, i.e. what
gaps can and cannot be crossed. Similarly, VehDyn determines ride-shock performance as
a pre-processor and eliminates all terrain features that present an unchallengeable roughness. A generalized workfow of NRMM is given in Figure 3.1. As this fgure shows, the
vehicle is paramaterized, the environment is paramaterized, and the vehicle-environment
interaction is modeled using empirical look up tables. For example, the tractive force curve
for a particular tire on a certain soil type will be referenced to determine the maximum force
the tire can apply to the terrain and thereby derive the maximum speed attainable.
The NRMM provides several key abilities to both ground vehicle developers and military decision makers. By varying the vehicle parameters, users are able to quickly weigh
the benefts of system design choices and perform module tradeoff studies. For example,
for a given operational terrain, users can immediately see the relative cost/beneft of different suspensions. Users can also leverage the NRMM as a planning tool to determine
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Figure 3.1
The NRMM workfow.

what ground vehicle is best for deployment and under what conditions. For example, the
NRMM can tell mission planners what vehicle is best suited for an urban environment vs.
a cross-country mission. Because of these features, despite its age, the NRMM is still the
primary mobility modeling tool used in the ground vehicle acquisition process.

3.4

Perceptive Mobility
While the NRMM provides an accurate and complete (within statistical reason) picture

of ground vehicle mobility, the introduction of autonomy requires several changes to the
mobility modeling paradigm. For autonomous UGVs, mechanical mobility is no longer the
only driving factor for determining vehicle mobility. Similarly, a human driver is no longer
the key factor for determining performance. The vehicle-terrain interaction must now be
modeled in concert with the sensor-environment interaction. For a UGV to successfully
navigate autonomously, it must frst successfully perceive its environment. Or, put simply,
the ability to cross a ten-foot gap is worthless if the UGV cannot sense the ten-foot gap.
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Despite the necessity of understanding the sensor-environment and autonomy-mobility interactions, studying these interactions has proven to be an exceedingly diffcult undertaking. This is not to say, however, that no progress has been made in this feld. To that end,
the following sections present a history and review of the research undertaken thus far in
the feld of autonomous mobility modeling.
In broad strokes, autonomous mobility modeling can be broken down into four categories: (1) air-ground teaming for mobility situation awareness, (2) planetary rovers, (3)
in-line modeling for operational mobility (real-time terrain and traversability analysis),
and (4) NRMM-type mission-level mobility prediction. While there is considerable overlap between these four areas, breaking down research into these areas aids the fow and
comprehensiveness of the review. The following sections give details on the work done
to-date in these four areas. Additionally, the most comprehensive study to date on mobility
specifcally for UGVs is [181]; however, this study is limited to small, manually operated
UGVs, and is therefore outside the scope of the current work.

3.4.1

Air-Ground Teaming

Over the course of UGV mobility research, several common terrain features have
proven time and again to be a great challenge to UGV operations. Typically, these obstacles
represent terrain features, both natural and man-made, that are diffcult to detect from the
UGV’s perspective, such as negative obstacles, or determining vegetation density. To get
around this problem, the concept of teaming a manned or, more often, unmanned aerial
vehicle (UAV) with the UGV has been proposed and felded in numerous instances, often
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with positive results. Below, a representative subset of the research done in this area is
presented.
The concept of an integrated air/ground team was frst proposed in 2002 in [220] by
Stentz et. al. The system presented in this paper was developed as part of the Army
Future Combat Systems program. In this work, the authors present a three-principle based
approach: Optimal Perspective, Data Fusion, and Automatic Learning. Of these three,
Optimal Perspective is specifc to the aerial assets and is described as “[a] view [of] terrain
from the best perspective possible: from the air. For negative obstacles, this is critical,
but airborne sensors also are free to scout ahead for any hazards...” [220]. This work was
immediately followed up in 2003 in [219], again by Stentz et. al. In this work, the authors
reiterate that “The most challenging technical problems facing successful UGV operation
... are reliable sensing and perception.” [219]. They again present a team comprised
of an unmanned rotor craft and a mid-sized UGV platform for autonomous navigation.
Another use of aerial imagery for ground navigation is presented in [176], which used
texture analysis for road detection.
The air/ground team idea presented in the above works was extrapolated numerous
times for specifc applications. For example, in [235] airborne LIDAR data was used to
aid navigation in vegetative areas. In [209], the navigation problem facing UGVs was
again stated as “sensors mounted on the vehicle are regularly viewpoint impaired ... One
approach to address this problem is to complement the sensing capabilities of an unmanned
ground vehicle with overhead data gathered from an aerial source.” [209]. To solve this
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problem, the authors present algorithms for terrain classifcation using overhead perception
data.
More recent works continue to explore the air/ground space for solving the outstanding
problems still facing UGV navigation in unstructured and/or long-range environments. In
[96], UAV data was used to aid in long-range navigation. In [61], low altitude micro UAVs
were used to detect and localize roads within a complex environment. Similarly, [113]
leveraged airborne data for terrain classifcation and [177] used similar data for vegetation
classifcation.
A fnal interesting source of air/ground integration for autonomous navigation was the
idea of enhancing UGV sensor data with satellite data rather than using a nearby UAV,
frst presented in [176], [235], and [206]. This type of data integration was frequently
employed in terrain assessments in large and ill-defned environments and to enable longrange operations. For example, [202] presents a method for tree estimation for navigation
under a canopy, and [235], [206], and [96] target the problem of long-range navigation.
In [176], GPS data was used to enable waypoint-based navigation. This idea was extrapolated for use with the Geographic Information Systems (GIS) to achieve a greater degree of accuracy than GPS alone and was presented in [175] and later in [138] and [240].
Beyond waypoint navigation, GIS/GPS images were also leveraged for long-range path
planning in [103]. Additional path planning studies included [95], [97], [98], and [46].
Lastly, for an advanced review of environmental perception for UGVs in general is
presented in [255].
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3.4.2

Planetary Rovers

One of the most common and impactful applications of UGVs is their use as planetary
rovers. Starting with the Soviet moon exploration rover Lunokhod 1 [4], planetary rovers
have been in use for well over 30 years. The earliest rovers, such as Lunokod 1, were lunar
rovers. While several efforts were made throughout the 1970s to 2000s, the most recent
rover of interest is Curiosity [30], which was launched in 2011. For a full review of both
Lunar and Martian rovers, see [253]). A multitude of studies regarding Sojourner have
been presented within the larger UGV / planetary exploration community; for the current
work, only those studies directly related to mobility are presented.
An excellent frst source of rover mobility information can be found in the 2010 study
[198]. It provides detailed insights into the different mobility platforms for potential planetary exploration. The paper presents details about different mobility mechanisms, including wheels, tracks, and legs, and provides a list of the advantages and disadvantages for
each mobility system. While it does provide an interesting overview of theoretical rovers
and recommendations for future development, it focuses strictly on basic mobility and the
potential of the different hardware systems and it does not provide many details about
proven, operational-level mobility performance for rovers. Several earlier studies provided
similar information and recommendations, such as [66], [120], [62], [230], [229], [199],
and numerous other studies dealing with specifc mobility concepts.
Outside of mobility assessments of various hardware systems, and to support the current work, several sources dealing more closely with this work’s idea of mobility, focused
on operational-level understanding, and what can be found. For example, [127] provides
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a mobility analysis for the Spirit and Opportunity rovers [216, 215]. In this work, the
authors performed an assessment of the rover’s “hard-failure limits or catastrophic scenarios.” [127]. This work was very much in the spirit of the NRMM, and provided an early
example of the type of mobility studies to which the current work aspires.
From [127], a wealth of follow-on studies dealing with rover mobility can be found.
In [126], the same authors extended their work to include additional mobility tests, including rollover and soft soil performance. The initial concept of “autonomous mobility” can
be found in [133], in which the relationship between sensing and mobility was presented.
In the paper, they state that “The ... intelligent autonomous surface navigation performs
stereo vision-based perception, local terrain hazard mapping, traversability assessment, incremental goal-directed path selection, and vision-based pose estimation,” [133], with the
ultimate goal being safety. The work in [134] further explored the concept of “autonomous
mobility” and discussed the relationship between visual sensor data and navigation. Similarly, [179] explored research using LIDAR as opposed to visual data.
Unfortunately, these are the only sources that directly reference the concept of autonomous mobility. A tremendous amount of research exists for subsets of mobility, including topics such as tire/soil terramechanics, specifc navigation algorithms, hardware
platform designs, and data reduction of data collected by the rovers themselves. One
area of rover mobility not discussed in this section is studies specifc to traffcability /
traversability, as these particular mobility concepts are discussed in detail in the following
section. An overview of these topics as related to rovers can be found in [48].
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3.4.3

Traffcabilty, Traversability, and Terrain Classifcation

Another research idea that comes up often when researching mobility for autonomy is
the idea of traffcabiliy / traversability. However, rather than a mission-scale perspective,
this work focuses on the topic of online mobility prediction for active navigation. The goal
is to provide the UGV with on-board sensors, which can take measurements of the terrain
upon which the UGV is operating to provide feedback to the UGV on its current mobility
situation. This section will give a brief glimpse of the methods employed in this research
topic that most closely relate to autonomous mobility as defned in the current work.
The frst published successful cross-country autonomous navigation of a ground vehicle is found in [51]. In this work, the authors presented the frst instance of a ground vehicle
using perception to sense and understand its operational environment and use these data to
navigate between two goals. Mobility in this case was handled by the UGV system comparing its surroundings to its internal model of its mobility capabilities, which has carried
on as the main modus operandi for cross-country navigation. From this work a plethora of
follow-on efforts were performed; some of the most pertinent from a mobility perspective
were [165], [200], and many others dealing with subsets of cross-country performance,
such as vision systems, control architectures, etc.
One follow-on study to [51] was [218]. In this work, the local path planning / obstacle
avoidance techniques of the past were updated to include a global mapping capability. In
a sense, then, this is the frst study to address UGV mobility from a large-scale setting.
In fact this research was continued in [110] and [111]. These were some the most important studies in the feld, as they specifcally address the idea of autonomous mobility
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in large-scale settings. The authors focused heavily on the development of novel sensing
mechanisms and the ability of leveraging these perception capabilities for long-range path
planning. As with [51], there are many more follow-on articles that focused on singular
tasks within the mobility process; however, none revisited the idea of full-scale mobility
modeling, and focused instead on online local mobility perception; [201], [244], [217], and
[178] gave a few examples of these types of online mobility studies.
While the concept of mobility is prevalent in the UGV community, the above sections
show that “autonomous mobility” is not yet a fully defned concept. Thousands of papers
have been published addressing mechanical mobility for UGVs. These papers include
countless studies on mobility mechanisms, architecture designs, data fusion, and above all
UGV mobility self-awareness and terrain detection during operations. However, nowhere
in the literature is there an instance of a defnition or derivation of a conceptual, missionscale measure of mobility performance of autonomy. Or, put differently, no “NRMM”type tool, to include the tests and parameters that drive the NRMM, exists for autonomy.
Exhaustive efforts have been spent “developing” autonomous mobility, but no effort as of
yet have been devoted to “modeling” autonomous mobility.

3.5

Defning Mobility
In light of the review above, new defnitions for the concept of mobility are required.

As this paper has shown, there is the traditional concept of mechanical mobility, or the
mobility of the platform itself. There is also the concept of perceptive mobility, as defned
above and characterized by sensor-environment interactions. Lastly, there is the concept
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of autonomous mobility. Each type of mobility has its own defnition and place within
ground vehicle acquisition, and fnal UGV mobility will be a marriage of all forms of
mobility. Therefore, the following defnitions of mobility are derived from the review
presented above:
Mechanical Mobility: “the ability to move freely and rapidly over the terrain interest
to accomplish varied combat objectives.” [232]
Perceptive Mobility: the ability of ground vehicle sensor systems to interpret the operational environment.
Autonomous Mobility: the ability of an autonomous ground vehicle to accurately
sense and interpret the environment such that the ground vehicle can move freely and
rapidly through the environment of interest.
These defnitions clarify the new concepts of mobility necessary to understand the mobility of future ground vehicle systems. Future research in the feld of autonomous mobility
can leverage these defnitions to begin to defne the performance characteristics necessary
to realize autonomy for UGVs for military applications.

3.6

Conclusions and Outstanding Problems
No doubt exists that autonomy is the future for ground vehicles, both civilian and mili-

tary. Advances in the enabling technologies for autonomous operations are becoming ever
more rapid in development. However, the felding of autonomous ground vehicles for “real
world” applications has, to date, been limited, which begs the question: what is the bottleneck in autonomy? While there are a host of complex problems to solve before autonomy
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can be leveraged to an appreciable extent, such as legal issues of driver responsibility. One
of the major problems currently faced by the autonomous UGV community is the lack of
understanding of the fundamental mobility performance of these UGVs.
While testing data exists for small-scale autonomous operations, such as paved test
tracks or open stretches of highway, no real “operational” data for autonomous operations
have been collected. Outside of a few large-scale testing events, most notably the DARPA
challenges [42, 43], little full-scale autonomous operations have been executed (for example, a commercial driverless car navigating across several city blocks). This lack of data
leads to a double-edged sword: autonomy cannot be felded without a better understanding
of mobility, but understanding of mobility is limited by the amount of data collected. Before autonomy can be leveraged for a given scenario, more data about how the UGV will
perform in that scenario is required.
The heart of the issue is this: autonomy cannot be felded for large-scale, operationallevel applications until a method exists for predicting the mobility performance of the
autonomous UGV. Or, put in other words, a “NRMM”-type tool is a critical need for autonomous mobility assessments. Without such a tool, no methods exist for quickly predicting UGV performance in terms of key factors related to the environment. Without these
performance predictions, the entire autonomy life cycle, from development to felding, is
hampered. In early design phases, developers lack the means for performing rapid yet robust analyses of mobility performance, such as how the autonomy will react to soft soil
or rain or exploring the sensor design space. On the other end of the spectrum, decision
makers lack the ability to determine what areas an autonomous UGV can challenge within
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a larger, full operational-scale environment. Also lacking is a tool for performing design
changes and trade-off studies. The lack of data and modeling tools results in a critical lack
of understanding of “real-world” performance of an autonomous UGV.
Presented in this paper was a historical perspective on mobility modeling for ground
vehicles. The format of this paper broke mobility modeling down into two types of mobility: mechanical mobility, the physical mobility performance of the hardware platform,
and autonomous mobility, the performance of the autonomy algorithms’ perception of the
environment. This historical review included a limited introduction to several of the key
tools available for mechanical mobility modeling, and then went on to provide information on the limited tools and methods proposed to date for modeling autonomous mobility.
This overview of autonomous mobility modeling brought to light the fact that research in
this area is lacking and is also a critical need to realize autonomous operations for UGVs.
This overview also lead to formal defnitions of mechanical, perceptive, and autonomous
mobility.
The presented historical review revealed the primary outstanding problems for developing autonomous mobility tools: the lack of accurate sensor-environment characterizations
for the entire spectrum of UGV operations (i.e. rain, snow, unmarked lanes, etc.) and the
lack of feld testing data to validate these characterizations. Fortunately, these two critical
needs are recognized by the ground vehicle community, and as Section 3.3 of this paper
showed, work is being done in this area. In particular, new research being performed by the
ERDC in tackling this problem for military applications, and the outputs of this research
have the potential to transition to more main-stream applications. For now, two of the most
61

important tasks left open for autonomous mobility modeling are a need for high-fdelity
terrain data of the UGV’s operational environment and data for validating up-and-coming
mobility modeling algorithms. As this paper presented, efforts are being undertaken to
address these two critical needs, and as this research progresses, an increased presence of
autonomy in both commercial and military applications will be forthcoming.
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CHAPTER 4
A NOVEL FRAMEWORK FOR VERIFICATION AND VALIDATION OF
SIMULATIONS OF AUTONOMOUS UNMANNED GROUND VEHICLES

4.1

Abstract
Modeling and simulation (M&S) plays a critical role in both engineering and basic re-

search processes. M&S is most useful if its outputs are accurate, and, as such, signifcant
research has been undertaken to establish what “trust” means for simulations and what
level of trust should be given to model and simulation outputs. Trust in M&S is typically
established by verifying and validating the models and simulations. While a wealth of research can be found to defne verifcation and validation (V&V) for traditional M&S, little
research has been done to defne a methodology for the V&V of simulations of complex, intelligent, and autonomous systems. Specifcally, no methodology for V&V of simulations
of autonomous robots has been developed to date. This paper presents a brief overview of
the current V&V methods in use for traditional simulations. In light of this review, a novel
framework for the V&V of simulations for predicting the behaviors of autonomous robots
is developed, and this framework is presented in detail. This V&V framework is then
applied to the use-case of an autonomous unmanned ground vehicle’s (UGV’s) navigation task, and the application of this framework for an example camera-based autonomous
navigation algorithm, stop sign detection, is presented.
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4.2

Introduction
Computer simulations of physical systems and processes became a critical part of

science and engineering research in the mid to late 1960s as computer systems became
smaller, faster, and more readily available. Early concepts and theories of simulations
and their applications where frst introduced in [64], [115], and [135], and these concepts
where further refned in [136]. Early simulations were readily adopted into a wide range of
research areas, including geology [208], human anatomy and biology [10], and electronics [204]. These early studies and simulation applications gave rise to the prolifc use of
simulations seen today.
For practical engineering problems, simulations are the most valuable if the results of
these simulations can be trusted. Starting from the 1970s, the concept of verifcation and
validation (V&V) of simulation models started to become formalized as theoretical frameworks and methods for V&V. V&V is a critical step in the model development process; for
a model/simulation tool to be adopted for use, assurances must be made that the simulation
provides accurate results. Verifcation of a model ensures that the model works as expected.
Verifcation is a software-level process that does not necessarily require information about
the model’s outputs; it is more of a check that the model’s equations are implemented in
software correctly. Validation is the testing of a model’s outputs against experimental data
to see if the model provides accurate outputs. Together, V&V of a model insures that the
model works correctly and provides accurate and meaningful outputs.
While a frm theory and methodology for V&V of the different types of models used
today exists, there is one major area where these techniques fall short: simulations of intel64

ligent and autonomous systems, such as autonomous robots. Simulations of autonomous
robots and their perception and intelligence algorithms do not involve a single model or
even a coupled system of two models but rather are simulation environments: software
tools involving multiple models working in concert to simulate the outputs or behaviors
of complex systems. While each individual model can be verifed and validated (V&Ved)
using the standard, accepted methods, this does not necessarily guarantee that the overall
simulation outputs will be accurate.
To that end, this paper proposes a new framework for the V&V of simulation environments for autonomous robots. As a test case, this paper focuses on how this framework
could be applied to simulating autonomous unmanned ground vehicles (UGVs). The new
V&V framework is built on the theories and frameworks already established and in use
by the simulation community. An overview of these theories is presented in the following
section, and the Proposed V&V Approach section presents the new framework for V&V
of simulation environments for simulating autonomous robots. The Example Application
of the Proposed Framework section applies the new V&V framework to an example UGV
navigation algorithm: stop sign detection. Finally, the Conclusion section provides some
closing thoughts.
Several important terms are used throughout this paper, and it is pertinent to defne
them here. For the purposes of this paper, V&V “theories” and “frameworks” are conceptual frameworks for how V&V should be performed as opposed to V&V “methods”, which
are the means by which V&V is carried out. In other words, V&V theories are the overar-
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ching concept of how V&V methods should be applied. As for model and simulation, the
defnitions originally provided by [63] are used:
Model: A physical, mathematical, or otherwise logical representation of a system, entity, phenomenon, or process.
Simulation: A method for implementing a model over time.

4.3

Background
For the purpose of this work, V&V methods and frameworks can be broken down

into two general categories. First, there are the formal theories and defnitions already
established in the community for traditional models and simulations. Second, there are the
emergent efforts to V&V simulations of autonomous systems. The following subsections
provide a brief background of both categories of V&V approaches.

4.3.1

Formal V&V Theories and Defnitions

A substantial amount of research has been performed to defne methods for verifying
and validating computer models. The bulk of this research focuses on analytic/discrete
event models and simulation models. These types of models are most often models of
processes (i.e. economic forecasts or manufacturing outputs) versus physical phenomena
(e.g. fuid fow). In fact, most of the theoretical work done to defne V&V was done
for these types of models. One early defnition of V&V was proposed by Fishman and
Kiviat in [68]: “verifcation, which determines whether a model actually behaves as an
experimenter assumes it does; [and] validation, which tests whether the model reasonably
approximates a real system.”
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The earliest work to establish a well-defned methodology for V&V of simulation models was that performed by Schlesinger et. al [195], in which they defne validation as
“substantiation that a computerized model within its domain of applicability possesses a
satisfactory range of accuracy consistent with the intended application of the model.” For
a time, this was the most commonly accepted defnition for model validation; however,
the concept of a “range of accuracy” left room for qualitative interpretation of simulation
results.
In later works, Sargent provides what is considered one of the canonical methods for
V&V of simulation models. First proposed in [189] and further refned in [191] and [192],
Sargent follows Fishman and Kiviat’s defnitions of verifcation and validation and goes on
to propose formal methods for the V&V of simulations as follows:
1. The model development team decides if and when the model is valid for its application domain.
2. The model development team works in close collaboration with the model’s end
users so that these users defne the validation of the model.
3. Independent verifcation and validation (IV&V), where a separate third party assesses the validity of the model.
4. The use of scoring models.
Sargent also outlines several validation techniques to apply throughout the model validation cycle. These validation techniques include: comparisons to other valid models,
event validity, extreme condition testing, historical data validation, parameter variability/sensitivity analysis, predictive validation, Turing tests, and others. For simulation models, Sargent’s work is considered one of the main standards of how V&V should be performed.
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Another leading expert in the feld of V&V of models and simulations is Balci. Balci
and Sargent championed the idea of statistical model validation through hypothesis testing
in [20], [21], and [22]. They also provide direction as to how to perform statistical validation. Their recommended validation method is the comparison of graphical outputs from
simulations with experimental data and testing the degree of statistical agreement between
the two. This idea can be extended to testing other types of simulation outputs, not just
graphical representations, to handle more complex simulations.
Both Sargent’s and Balci’s methods of validation, in particular the Turing test, extreme
condition testing, and Balci’s methods of statistical validation, are used in the development of a methodology for V&V of simulations of autonomous robots, as presented in the
Proposed V&V Approach section.

4.3.2

Efforts to V&V Simulations of Autonomous Systems and Autonomous Robots

Within the feld of ground robotics, many software simulation tools have been developed to simulate autonomous UGVs, such as Player/Stage [77], Gazebo [118], Weebots
[141], and USARSim [238]. These simulation environments leverage computational and
physics-based models of the vehicle’s sensors and mobility platform to attempt to predict
the autonomous behaviors of the UGV. Of these tools, only USARSim has been validated
to a limited degree.
Several efforts have been undertaken to validate USARSim. In [239], Wang et al. note
that “Validating USARSim ... presents a complex problem because the performance of the
human-robot system is jointly determined by the robot, the environment, the automation,
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and the interface.” Or, in other words, USARSim is a complex simulation involving multiple physics-based models, and the interactions of these models must be verifed. They go
on to claim that a complete validation is impossible due to the complexity of the problem
and the nature of autonomous systems. However, the current paper seeks to refute this
claim by providing a new methodology for V&V of autonomous robots.
In [47], a quantitative validation was performed by comparing not the direct sensor
model outputs, in this case simulated images to real images, but by comparing the outputs of image processing algorithms using both real and simulated images. This validation
technique works almost like a Turing test, with the image processing algorithm serving as
the “expert”. If the algorithm cannot “see” a difference between the real and simulated images (i.e. the outputs of the algorithm are the same), then the simulation can be considered
validated. This paper further proposes a scoring model by quantitatively measuring the
similarity between the image processing algorithm outputs for real and simulated images.
This approach to V&V is ideal, as it removes many of the challenges to V&V presented
in [239]. This method will form the backbone of the V&V methodology presented in the
following section.
Finally, in [13], a more formal approach to validating USARSim, and by extension any
simulation of autonomous UGVs, is proposed as follows: “Whenever a new component
(sensor, robot, etc), is added to USARSim, one or more experiments should be designed
in order to assess the accuracy of the simulation. These validation experiments will be
performed twice, once in the real system, and once in a simulation setting resembling as
much as possible the real system used. After the two experiments, results should be quan69

titatively compared.” This approach assumes the simulation in its current state is validated
and that new validation will focus only on the added model. The comparison of simulation versus real world bench-test experiments is a solid foundation from which to approach
V&V, and it will be revisited later in this work.

4.4

Proposed V&V Approach
V&V of simulations of autonomous robots presents a unique and diffcult challenge.

As seen in the above section, traditional V&V approaches for simulation models cannot
always be applied. Experimental results and simulation results often cannot be compared
because, on a systematic level, there is no reason to expect the problem entity to behave
the same between experimental and simulation tests, even within expected variation and
when conditions are held constant. Therefore, this paper proposes a new methodology for
V&V for simulations of autonomous ground robots.
The methodology for V&V of simulations of autonomous robots proposed in this work
is based on both Sargent’s and Balci’s methods and expands upon the validation efforts performed using USARSim. Unlike USARSim’s validation, which was intended strictly for
research use involving small UGV systems, the proposed approach is relevant for larger
systems that are made up of many different subsystems including communications, sensors, vehicle control, and software. To simulate full-scale autonomous robot operations,
models of not only cameras but other sensors will be necessary. Furthermore, advanced
models of the robotic platform mobility will be needed. These individual models, the
interactions between these models, and the overall robot intelligence algorithms and au70

tonomous behaviors should each be verifed and validated individually and as an overall
system to fully validate the simulation tool.
The frst step in V&V of a simulation environment for autonomous robots is to validate
the individual models that make up the simulation. These will include the sensor models,
environment models, and robotic platform dynamics and mobility models. This validation
can be accomplished using traditional methods of comparing simulated and experimental
data for a set of standardized bench tests. For example, for a camera, certain test parameters
exist, such as feld-of-view, resolution, distortion, etc., that can be measured and compared
between the real and simulated camera sensor. These experiments should include both
standard, bench-level laboratory tests and more complex feld-data collection tests.
For this step, Balci’s real-to-experimental data comparisons and scoring model approaches can be used. For example, for a LIDAR model, real and simulated point clouds
can be compared on a point-to-point basis. Like with the USARSim validation, several
similarity metrics between the real and simulated sensor outputs can be computed. For
mobility modeling, platform performance for a set of bench tests (i.e. slope climbing or
soft soil mobility) can be similarly compared between simulated and feld-tested results.
At this base level of validation, extreme condition testing should also be performed.
The sensor and platform models should be able to recreate failure modes and idiosyncrasies
for sensors and mobility platforms. For example, this validation would test to see if the
simulated LIDAR data recreated the edge effects seen in true LIDAR data, such as so
called “foating points.” Or, for another example, testing to see if maximum slope climbing
ability for a UGV agrees between simulation and feld testing. Some examples of both
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overall agreement and extreme testing validation for sensor models can be found in [83]
and [58].
Once the individual models (sensors, platform, etc.) have been validated, the overall
simulation environment must be verifed. Verifcation is the process of ensuring that the
overall simulation tool works as expected, and can be done regardless of the level of validation of the individual models. Because simulation environments integrate a variety of
models, the integration of the simulation environment and its intra-model communications
must be verifed. The inter-component communications must be checked to ensure that
all models are getting the correct data as input and output the correct data in the correct
format.
This type of verifcation is much more complex than verifcation done for models and
simulations to date. Simulation environments involve multiple models communicating
with each other, often at disparate time scales. The robotic platform dynamics model might
run faster than a sensor model, but the model outputs need to be synchronized to a common
simulation output frequency. Furthermore, not every model will need to communicate with
every other model. For a simulation of autonomous robot, verifcation is ensuring the right
models are getting the right data at the right time and the overall simulation output is
correct.
After validation of the individual simulation models is completed and the overall simulation has been verifed, validation is done on the intelligence layer of the simulation.
This validation is be done in the same fashion as that done for USARSim. At this level
of validation, the simulation is checked to test if the robot “sees” the same world in both
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simulation and reality. The robot’s intelligence algorithms (i.e. image processing, object
classifcation, etc.) serve as the expert, where this type of validation uses both the Turing
test and statistical scoring models.
This level of validation will check if the intelligence algorithms used by the robot produce the same outputs for both simulation and reality. Like with the validation of the individual models, this validation can be accomplished by comparing simulated intelligence
algorithm outputs and real-world outputs. Using similarity metrics, such as those proposed
in [119], the simulation and real world intelligence algorithm outputs can be compared.
These metrics serve as a measure of validation, and the score assigned determines the level
of trust that can be given to the simulation environment.
Lastly, the simulation tool as a whole must be validated. This will require the comparison of closed-loop simulation results, specifcally the autonomous behaviors, to experimental results. This comparison must be done using a statistical approach because of the
inherent uncertainty in many of the fltering processes used in modern automation software. Given the same input data, it is possible that the robot may behave differently across
different simulations and feld tests due to confounding factors. Because of the uncertainty
involved, multiple simulations (hundreds to thousands of iterations) should be run to compare the overall simulation to experimental outputs. Using statistical hypothesis testing,
the degree of validation can be computed by studying the number of simulation runs that
accurately reproduce the robot’s behaviors.
At this level of validation, the results should not be evaluated in a specifc fashion (e.g.
the robot turned right to avoid the obstacle), but rather on a gross level (e.g. the robot
73

detected and avoided the obstacle). Again, this comparison is due to the inherently unpredictable nature of autonomous systems. This level of validation checks to see if the robot
responds to the outputs of its intelligence algorithms the same way between experiments
and simulations. This evaluation combines all of the simulation models: sensors to feed the
intelligence algorithms, perception outputs to determine the robot’s course of action, and
mobility models to determine the actual movements of the robot. Furthermore, stochastic
concerns should be taken into account to explore the effects of small variations in testing
conditions on the simulated and experimental behaviors. Like with the sensor model validation, extreme condition testing should be performed. The simulation must accurately
capture and recreate the failure modes of the autonomy system as a function of algorithm
outputs. For instance, the case where the robot fails to detect and avoid an obstacle that
blends in with its surroundings.
This entire validation process is shown in Figure 4.1. Figure 4.2 goes on the show an
example of the layered approach to V&V applied to an autonomous UGV. The example
shown in Figure 4.2 is the V&V of a simulation of a UGV performing an obstacle detection
and avoidance algorithm with object classifcation. The sensors and algorithms shown are
not meant to be an exhaustive list but rather only those simulation components pertinent to
the chosen algorithm. The bottom tier shows the individual models. The next layer shows
the verifcation, or integration, process. The next layer shows the perception/intelligence
algorithm validation. Finally, the top layer is the overall UGV behavior.
The arrows in Figure 4.2 show the fow of model integration, or the areas where verifcation lies. For example, the camera model feeds into both the terrain classifcation
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Figure 4.1
The proposed V&V framework.
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Figure 4.2
A layered approach to V&V unique to simulations of autonomous robots.
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algorithms and the object classifcation algorithms. The LIDAR and GPS models are integrated to simulate an obstacle detection algorithm. Figure 4.2 goes on to illustrate V&V
for a specifc autonomous behavior, an obstacle detection and avoidance algorithm. Working backward from this task, it can be seen that the intelligence layer includes localization,
object detection, and object classifcation. These algorithms require data from the LIDAR
model, the GPS model, the vehicle model, and the camera model. Each of these models
must be validated at the model layer, and the integration of these models must be verifed.
The intelligence algorithms in use would then be validated, fnally leading to a system level
validation of the simulation based on the feld-testing of a UGV. In practice, the validation
layers should use tests that are easy to conduct in both experiments and simulations and
should have quantifable results.
As Sargent proposed in his original work, models must be verifed for a particular use.
For simulated autonomous robots, these uses should be the autonomous behaviors tested,
with the layered approach of Figure 4.2 used. So, the overall simulation must be validated
against each new autonomous behavior simulated. As with the proposed USARSim validation, the previous layers, model validation, model integration, and perception validation,
will all still be considered validated. The only further validation needed will be for the new
autonomous behavior.

4.5

Example Application of the Proposed Framework
Presented in this section is an application of the proposed framework to a simulation

environment for autonomous UGVs. The simulation environment chosen for this study
77

is the Virtual Autonomous Navigation Environment (VANE). VANE is a high-fdelity,
physics-based simulation environment that is government free and open source. It provides
physics-driven models for many of the sensors commonly used by autonomous UGVs, including camera, LIDAR, and GPS models. Further details on VANE are found in [83]
and [80]. To create similar validation work as that done for USARSim, a camera model
validation is presented for a Charge-Coupled Device (CCD) Sony XCD-V60CR camera.
Unlike the validation done for USARSim, the camera model is validated at the base camera
level by testing the spectral response of the CCD array in addition to the algorithm-level
validation.
A common algorithm used for navigation by autonomous UGVs is sign detection. Because the UGV will need to operate in urban and semi-urban areas, it will need to be able
to detect and understand the road signs it might encounter during its mission. Therefore, an
algorithm for stop sign detection was chosen for the presented framework application. For
this study, stop sign detection along a gravel road in a forested area was performed using
both real and simulated camera data. The algorithm studied was intentionally simple, as
this work seeks to showcase the V&V framework rather than present a rigorous validation of VANE. Presented below are the base model layer validation, details on the chosen
detection algorithm, and the results of the algorithm-level validation.

4.5.1

Model-Level Validation

The VANE purports to take a physics-frst approach in developing its sensor models.
As such, the camera models don’t rely solely on object textures; its camera models also
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key off of spectral refection and physical optical properties [83]. In other words, rather
than returning an ideal image of an object as it appears in a simulation environment, VANE
cameras return a realistic approximation of what a true camera would return when viewing
the simulated object in the real world.
One of the key parameters in a VANE camera simulation is the spectral refectance
of the surface being imaged. This parameter will determine the color of the surface as
measured and returned by the CCD array. Therefore, for this level of validation, the camera
model was tested to see if it returned the same color for real and simulated images. To do
this, a set of three spectral standards, red, green, and blue, with very crisp spectra were
chosen. The spectrum of each standard was measured and images were taken using a
XCD-V60CR camera. These textures and spectra were used to create uniform surfaces in
VANE. Then, using VANE’s XCD-V60CR model, simulated images were collected. The
real images were compared against the simulated images to measure the similarity between
the images. The goal of this validation is to test the spectral refectance feature of VANE
to show that the VANE accurately recreates the color of an object between the real world
and the simulation. Figure 4.3 shows the validation images for the red standard, and Table
4.1 shows the overall similarity results for all for standards.
Because the two images compared for this validation are simple, uniform color images, more complex image similarity metrics were not used in the comparison of these
images. For example, given that each image provided only one RGB value, the Hausforff
distance ([28]) was not meaningful. Therefore, the simple spacial distance between the
two RGB points was calculated. In each case, the distance was very low, and most color
79

Figure 4.3
Real (right) and simulated (left) images of the red refectance standard.

Table 4.1
Similarity metrics between real and simulated images of the four standards.
color
red
green
blue

(R,G,B)
real
(252.4, 84.2, 87.4)
(77.7, 156.1, 138)
(65.8, 105.9, 234.4)

(R,G,B)
sim
(236.0, 68.0, 72.0)
(96.2, 149.1, 105.1)
(54, 107, 255)
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Cartesian Distance
27.72
39.39
23.77

pixel values were within roughly 10% of each other. The notable difference that was the
main contributor for the distance between the points is the blue pixel value. This is likely
due to differences between the turbidity parameter used in the VANE atmosphere model,
descriped in [94], between simulations and measurement time. Measuring the exact atmospheric conditions during testing is challenging, and can cause slight discrepancies such as
those noticed in the data above. Still, the overall agreement between the two color images
is quite high.

4.5.2

Sign Detection Algorithm

The stop sign detection algorithm used for this paper is a two-step process. The algorithm frst detects and matches features from a training image in a scene image. The
algorithm then validates the detections for correctness using a color flter designed specifcally for stop sign images. The stop sign detection algorithm is implemented entirely using
the open source OpenCV library [40] and was performed on both real images and simulated images. The rest of this section will describe in detail the two-step stop sign detection
algorithm.
Features are detected for both a training image and set of scene images using the Scale
Invariant Feature Transform (SIFT) [125, 130] algorithm. The training image for this algorithm is an image of a stop sign with no background noise. The set of scene images for this
algorithm is a collection of images that contain a stop sign located in a noisy background.
The SIFT algorithm is designed to detect unique features that can be used to identify differing objects of interest in a scene. Once these unique features have been detected, the Fast
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Library for Approximate Nearest Neighbors (FLANN) [144, 145, 146] algorithm is used
to match the features detected in the training image with the features detected in a scene
image. If the FLANN algorithm generates a ”good” detection, then the built-in image homography functionality in OpenCV is used to draw a bounding box around the detected
features in the scene image. If the FLANN algorithm does not generate a valid detection,
then the image is labeled as not containing a stop sign. An example of feature detection
and matching is shown in Figure 4.4. Both the feature detection and color flter example
results for the real and simulated images are shown in Figure 4.4. The leftmost part of the
image is the training image, and the rightmost part of the image is the scene image. The
detected regions are marked up with a green bounding rectangle. Below each image is the
result of the HSI color flter algorithm, which is discussed next.

Figure 4.4
Example of the feature detection and HSI flter.

Due to the complex nature of object recognition in computer vision, a secondary validation step is needed to ensure that the SIFT and FLANN algorithms have detected a valid
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stop sign in the scene image. A color flter is used to validate the SIFT and FLANN algorithm outputs. The color flter implemented is based on the conversion from the RGB
color space to the HSI color space described in [79, Chapter 6]. The color flter works
well for validating stop signs due to the unique HSI signature. Specifcally, stop sign red
has a hue in the ranges 0 ≤ hue ≤ 7 and 348 ≤ hue ≤ 360, a saturation in the range
0 ≤ saturation ≤ 0.385, and an intensity in the range 0 ≤ intensity ≤ 25.5. The afore
mentioned bounding box is used to extract the detected region from the scene image. The
extracted region is then processed through the color flter, which checks that the pixels
extracted match the unique stop sign red signature. If 70% of the pixels in the extracted
region match the unique stop sign red signature, the detection is labeled as a true positive.
Conversely, if less than 70% of the pixels do not match the unique signature, the detection
is labeled as a false positive. As can be seen, at least 70% of the pixels pass the color flter,
and as such, these detections are labeled as true positives. It is important to note that the
“stop sign red” is a very distinct color signature and as such a color flter approach works
well as the stop sign has a tendency to stand out in the environment, a property common
to street signs. However, a color flter approach would likely fail if used on an object that
tends to blend in with the environment.

4.5.3

Algorithm-Level Validation

The algorithm presented above was tested using both real and simulated data. For the
real data, a stop sign was placed along a test track that is a gravel road loop through a
wooded area. The stop sign was placed at several different locations along the test track,
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and images were collected using a Bumblebee stereo camera. Images were collected for
several different stop sign positions relative to tree cover and several different angles of
approach.

Figure 4.5
The simulated stop sign placed and detected on the test track.

The VANE was then used to simulate stop sign images for the Bumblebee camera driving along this same test track. Likewise, multiple directions of approach and placements
were used to generate these images. Figure 4.5 shows the algorithm output for a simulated
stop sign. The goal for the algorithm was to have the images with no stop sign visible return a negative result and a positive result for images containing a stop sign. The threshold
variable used by the stop sign detection algorithm was varied to produce a set of outputs,
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which in turn were used to create a ROC curve [140]. The ROC curve was generated using
the probability of detection and false alarm rate for the detection algorithm. The probability of detection was calculated by dividing the true positives over the total number of
images where a stop sign was visible. The false alarm rate was calculated by dividing the
number of false positives by the number of total images. Figure 4.6 shows the ROC curves
for the algorithm as run on the real and simulated stop sign images.

Figure 4.6
The ROC curves for the algorithm for the real and simluated images.

The probability of detection is higher for the simulated images than the real by about
6 to 10% overall, with a spike coming at very high false alarm rates. This is likely due
to the sanitary nature of the lighting in simulation. Simulations are not able to recreate
effects such as shadowing due to trees moving in the wind or clouds passing overhead.
The simulated stop signs also have a uniform color profle at all viewing angles, which is
not necessarily true of a real stop sign.
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Both the model-level and the algorithm-level validation of the VANE come out favorably. The basic, model-level ability to recreate colors shows good agreement between
the simulated and real images. The algorithm-level validation also shows good agreement
between the real and simulated sign detection algorithm performance. No metric for calculating a “goodness” score for the agreement between real-world and simulation outputs for
the proposed V&V framework exists yet. Therefore, it would fall upon user or expert opinion to assess the validation of the VANE’s camera model. That being said, given the high
level of similarity in the model-level and algorithm-level simulation outputs, the VANE
can be considered reasonably validated for simulating color camera detection algorithms.

4.6

Conclusions
M&S has enjoyed a wealth of success in both basic research and engineering appli-

cations. As models and simulation techniques were developed, methods of V&V were
developed in kind, and these techniques were based on a solid theoretical background.
Unfortunately, the development of theories and methods of V&V for simulations of autonomous robots has only begun to be performed. Presented in this paper was a brief
overview of some of the more popular theories and formal methods of V&V developed,
along with an overview of the V&V theories and methods for validating simulations of
autonomous ground robots that have been proposed. This overview brought to light the
lack of V&V methods for the complex simulation tools being used today for robotic applications.
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The glaring outstanding problem in the feld of V&V for models and simulations lies in
the lack of a theoretical framework for V&V of simulation environments for predicting the
behaviors of autonomous robotic systems. Despite this lack of validation, many simulation
tools have been developed for the design and development of autonomous robots. However,
very little trust has been placed in these simulation tools. A solid theory and method
for V&V of these simulation tools is necessary before M&S can be fully leveraged for
autonomous robotics applications.
To that end, this paper proposed a new framework for the V&V of simulations of autonomous robots. The framework is extended from the frmly established methods already
developed for V&V of simulation models. The new framework proposes a layered approach to V&V, with validation and verifcation taking place at several stages within the
simulation environment. The proposed verifcation process is built starting from the most
basic components of an autonomous robot, its sensors and mobility platform. After validating these “building blocks”, algorithmic validation is performed by comparing perception
algorithm outputs using simulated and real-world sensor data. Once these levels of validation are considered suffcient, a fnal, systematic-level validation is performed comparing
simulated and real-world robot behaviors.
Also presented in this paper was the application of this V&V approach to an example
autonomous ground robot navigation algorithm: stop sign detection using a color camera.
Validation was performed up to the intelligence algorithm level, as this algorithm was not
felded on a ground robot. The camera model itself was validated, and then the detection
algorithm outputs were used to validate the camera model at a perception level. That is,
87

the outputs of the stop sign detection algorithm using real and simulated camera data were
compared by quantitatively comparing the algorithm’s performance in each case. No metrics was calculated to quantitatively measure the degree of validation of the VANE, but
an intelligent observation shows that the VANE is a reasonably validated tool for the sign
detection algorithm. The logical next step for the presented research is to develop quantitative measures, or scores, for the degree of validation for a simulation of autonomous robots,
along with applying this framework for the V&V of an entire simulation environment for
autonomous robots. Both of these tasks are planned for later works.
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CHAPTER 5
THE REFERENCE AUTONOMOUS MOBILITY MODEL: A FRAMEWORK FOR
PREDICTING AUTONOMOUS UNMANNED GROUND VEHICLE PERFORMANCE

5.1

Abstract
Mobility modeling is a critical aspect of the ground vehicle acquisition process. Mobil-

ity modeling for traditional ground vehicles is well-understood; however, mobility modeling tools for evaluating autonomous mobility are sparse. Users do not understand the
performance capabilities of autonomous ground vehicles at a mission level because no
mission-level mobility model exists for autonomous vehicles. Therefore, this paper proposes a Reference Autonomous Mobility Model (RAMM). The RAMM serves as the
mission-level mobility modeling tool that is currently lacking in the unmanned ground
vehicle (UGV) community. The RAMM is built on the framework already established by
trusted mobility modeling tools to fll the current analysis gap in the autonomous vehicle
acquisition cycle. This paper gives a detailed description of the RAMM along with an
example application of the RAMM for modeling autonomous mobility. Once fully developed, the RAMM could serve as an integral part in the development, testing and evaluation,
and felding of autonomous UGVs.
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5.2

Introduction
Unmanned Ground Vehicles (UGVs) are an emergent technology that is reshaping

operations for private, commercial, and military ground vehicle applications. From the
Google car [173] to autonomous military resupply convoys [256], UGVs are being felded
in increasing numbers for an increasing number of missions. In particular, increased autonomy and robust autonomy algorithms are a key factor in current UGV research, and
autonomous UGVs are beginning to be tested in the feld. As UGVs become more autonomous, the key performance measures that defne a ground vehicle’s performance capabilities will need to be modifed and redefned. One such performance measure that
affects UGV operational performance is platform mobility.
For ground vehicles, mobility is a well-understood problem, and many of the performance measures that defne mobility are set. For example, driver response time and willingness to endure rough terrain can readily be integrated into a mobility model. While
the base mechanical mobility platform is, for the most part, the same between manned
and unmanned ground vehicles, there are stark differences in their total overall mobility.
For example, autonomy algorithm response time and durability of sensor systems when
traversing rough terrain are not fully understood. For manned ground vehicles, mobility is
based on mechanical and driver-centric factors. However, for an autonomous UGV, drivercentric factors must be replaced with sensor- and perception-centric factors. For example,
visible sight distance for a human is different from that of a camera or LIDAR, meaning
LIDAR and sensor range will have an effect on mobility. This difference is only one ex-
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ample of how autonomy changes mobility; in general, the factors that affect autonomous
mobility are not yet well defned.
Using select performance parameters, analysis tools for measuring ground vehicle performance capabilities at an operational level have been developed. One of the more frequently used of these tools is the NATO Reference Mobility Model (NRMM), which is
discussed briefy in Section 5.2. The NRMM was frst developed in the 1970s and is still
used in the military ground vehicle acquisition process today. This type of performance
assessment tool can be used across the vehicle acquisition cycle, from development to testing and evaluation to felding. It provides a snapshot of how the vehicle will operate during
its mission, where it can and cannot travel within a given terrain, and the impact of design
changes on the vehicle’s mission performance capabilities.
A mobility modeling tool for autonomous UGVs that provides detailed information on
a UGV’s autonomous performance for a given mission on a given terrain would help accelerate the use of autonomy for military applications. By providing users with a robust understanding of the effect autonomy has on mission-level performance and the performance
capabilities of an autonomous UGV, users would have more confdence in employing autonomous UGVs for a wider range of missions. Given the need for such a performance
assessment tool, this paper proposes a tool for modeling autonomous mobility: the Reference Autonomous Mobility Model (RAMM).
The goal of this paper is to briefy describe the NRMM and extend the NRMM into
the RAMM in a logical fashion. The next section gives a short overview of the NRMM,
Section 5.3 proposes the RAMM, Section 5.4 provides details on the Virtual Autonomous
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Navigation Environment (VANE), a simulation tool that serves as the backbone for the
RAMM, Section 5.5 applications of the RAMM and how the RAMM operates, and Section
5.6 provides some conclusions and closing thoughts.
Throughout this paper, frequent references are made to “autonomy algorithms” and
“sensor-centric / sensor-based” mobility modeling. “Autonomy algorithms” refer to any
intelligence software used by the UGV for navigation purposes. These algorithms take in
sensor data and uses them to reason about the world and decide the course of action for
the UGV. The autonomy algorithms are akin to the human driver for traditional ground
vehicles. “Sensor-centric / sensor-based” factors refer to the physical limitations of the
UGV sensor systems. These factors determine the accuracy and availability of data to
feed the autonomy algorithms. So, for autonomous mobility, the sensor-centric factors will
determine overall mobility. This idea is feshed out in full in Section 5.3.

5.3

The NATO Reference Mobility Model
Recognizing the need for a modeling tool that could answer important questions about

the viability of a ground vehicle for a particular mission and environment, the Army developed a mobility modeling tool for off-road vehicle performance (the Army Mobility
Model), which was quickly improved upon and adopted by NATO in the 1970s. At its
heart, the NRMM is a parameterized model, meaning the ground vehicle and the environment are both simplifed into a set of parameters, and the vehicle parameters are compared
against the environment parameters using empirical mobility models to determine overall
mobility. The NRMM works by comparing the vehicle data to the environment data using
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empirical relations developed through feld testing to determine if the vehicle can cross a
particular patch of terrain and, if so, at what speed can it operate. This output is referred to
as “speed-made-good.” A generalized workfow of NRMM, including its sub-modules, is
shown in Figure 5.1.

Figure 5.1
The NRMM workfow.

The NRMM provides several key abilities to both ground vehicle developers and military decision makers. By varying the vehicle parameters, users are able to quickly weigh
the benefts of system design choices and perform module tradeoff studies. Users can also
leverage the NRMM as a planning tool to determine what ground vehicle is best for employment in given situations. Because of these features and despite its age, the NRMM
is still the primary mobility modeling tool used in the ground vehicle acquisition process.
Several important references decribing the NRMM can be found, including [168] and [7].
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5.4

The Virtual Autonomous Navigation Environment
The Virtual Autonomous Navigation Environment (VANE) is a high-fdelity, physics-

based simulator for autonomous UGVs. The VANE began development primarily as a tool
for developing autonomy algorithms for UGVs [105, 49]. The VANE is used to simulate
an autonomous UGV performing a given mission in a given environment. As VANE has
developed, it has shifted towards primarily being a tool for simulating sensor-environment
interactions with less focus on autonomy in the loop simulations [83, 80]. Where the
NRMM is a coarse, macro-scale performance forecasting tool, the VANE is a micro-scale,
mission-level simulation tool for performance assessment and algorithm development for
autonomous UGVs. As discussed in the following section, the fnal RAMM formulation
relies on the simulation of sensor systems within VANE and the effect these sensor data
have on autonomy algorithms.
There are several key components to the VANE. First and foremost is the architecture,
which serves as the means by which the other pieces of the VANE communicate with each
other. The most important part of the VANE, and the part that will play the biggest role
in the RAMM, is the sensor and environment models that are used in the development
and testing of autonomy algorithms. On top of the sensor modeling are the mobility and
vehicle dynamics models. These models provide the location of the UGV relative to the
environment, which in turns provides the location of the UGV’s sensors as they perceive the
environment. These mobility and sensor models together recreate the physical behaviors
of the UGV is commanded to perform by its autonomy algorithms.
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5.4.1

VANE Architecture

The VANE architecture is modeled after the High-Level Architecture (HLA) concept
used in DoD simulations. In this architecture, federates, or models, subscribe to and publish outputs of pre-defned formats. Because the VANE is non-real-time and the VANE’s
models work at disparate time scales, the advancement of time is controlled by a timemanager federate that tracks the internal state of each of the participating federates (models). In typical VANE simulations, sensor federates subscribe to the vehicle state message
and publish sensor data. The autonomy federate subscribes to both the vehicle state and
sensor data messages. The autonomy federate publishes driving commands that are used
to determine the vehicle state at the next time step. The HLA architecture controls the
messages sent back and forth between these pieces to create a complete VANE simulation.

5.4.2

VANE Sensor and Environment Modeling

The core of the VANE is its sensor and environment models. Sensor outputs drive the
autonomy algorithms used by UGVs. By providing high-fdelity, physics-based simulated
sensor outputs, the VANE can more accurately simulate autonomous UGVs behaviors. The
mechanism by which the VANE generates high-fdelity sensor outputs is its ray tracer.
The VANE ray-tracer (VRT) uses high-performance computing to simulate the radiative transfer of energy through the environment. The VRT is a full spectral simulation
that calculates spectral refectance properties using either the cosine lobe model or the
He-Torrance-Sillion-Greenberg [88] bidirectional relectance distribution function (BRDF)
model for surface refectance. Subsurface scattering and transmission are not modeled in
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the VANE. The atmosphere is modeled in VANE using the Hosek-Wilkie Sky model in the
visible region [94] and the Bird [32] model in the near-IR (NIR) to long-wave IR (LWIR)
regions of the spectrum.
To obtain high-fdelity sensor outputs, a high-fdelity environment is required. The
simulation environment itself must contain physical data to stimulate the sensors. The
environment must contain not just the geometry of each object but also critical physical
information, such as spectral refectance. Moreover, the environment will “look different
to different sensor models. The modeled BRDF is critical to LIDAR and camera models,
but not to GPS, which is more concerned with what satellites are visible to the sensor
and what multipath effects might occur. For the UGV mobility platform, the environment
should contain the soil strength of the ground surface. Figure 5.2 shows an example VANE
geo-environment.
The VANE contains models for the sensors most commonly used by autonomous UGVs,
e.ge. camera, LIDAR, and GPS sensors. The camera model includes both near-IR and hyperspectral cameras in addition to traditional charged-coupled device (CCD) digital cameras. The LIDAR model is a general model that uses ray tracing to simulate the individual
laser beams as they propagate through the environment. It is parameterized to match the
performance of a variety of LIDAR sensors. The GPS model includes both commercial
and differential GPS sensors. Figure 5.3 shows an example simulated sensor output for a
CCD camera.
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Figure 5.2
An image of an example VANE environment of a forest geo-environment.
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Figure 5.3
Simulated and real output images from a Sony CCD camera.
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5.4.3

VANE Mobility and Vehicle Dynamics Modeling

Vehicle dynamics in the VANE are modeled using the Mercury package from the Computational Research and Engineering Acquisition Tools and Environments Ground Vehicles program [174]. Mercury is built on the Chrono dynamics engine [226] and provides
a high-fdelity, physics-based software tool for conducting simulations of vehicle mobility.
By integrating cutting edge, massively parallel modeling techniques for soft, cohesive soil
and dry granular soil that integrate state-of-the-art soil simulation with high-fdelity multibody dynamics and powertrain modeling, Mercury provides a next-generation mobility
simulation.
The baseline Mercury, which is used in the VANE, uses Chrono-Vehicle for vehicle
dynamics, which provides multi-body dynamic simulation of wheeled and tracked vehicles. The powertrain is modeled using the Powertrain Analysis Computational Environment (PACE) [87], a behavior-based powertrain analysis similar to the Department of Energy (DOE) Autonomie software [3]. Vehicle-Terrain Interaction (VTI) is modeled with
the Ground Contact Element (GCE) [180], a semi-empirical model for predicting traction
and resistance forces developed by the U.S. Army Engineer Research and Development
Center (ERDC), which provides forces to the Chrono-vehicle solver. The fnal output of
these models is the current vehicle state obtained by the UGV as it traverses the simulation
environment.
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5.4.4

VANE Sensor Accuracy Simulations

Outside of closed-loop simulations, the VANE sensor models can also be used “offline” to generate sensor data within an environment. In particular, sensor data quality, or
accuracy, can be measured within the environment. Because the ground-truth geometry
and positions are known, sensor outputs can be compared to these truth data to measure
the sensor data error at that position within the environment. Figure 5.4 gives an example
of this sensor accuracy measurement for a GPS sensor. This GPS sensor study is revisited
later in this paper as an example application of the RAMM.
These sensor accuracy prediction maps in particular mimic the NRMM. They provide
an environment in which mobility forecasting can be performed for autonomous UGVs.
Compromised sensor data would lead to lower speeds of operation for autonomous UGVs,
or even potential NOGO regions. In this fashion, the VANE can be used as a performance
prediction tool.

5.5

The Reference Autonomous Mobility Model
The introduction of autonomy requires several changes to the NRMM paradigm. For

autonomous UGVs, mechanical mobility is no longer the driving factor for determining
vehicle mobility. In order to predict autonomous mobility, a prohibitive number of major
changes would be required in the core NRMM software. The core concepts of the NRMM,
in particular the comparison of a vehicle’s basic parameters against its operational environment, are still crucial to the mobility modeling process. However, a new tool is needed
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Figure 5.4
GPS sensor accuracy prediction within a small urban area.
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to capture the effects of autonomy on mobility. The goal of the RAMM is to provide this
tool.
To be clear, the RAMM is not an extension of the NRMM; it is a new tool that is
built using the NRMM conceptual design. The NRMM is a macro-scale mobility predictor that uses low-fdelity environmental data as input. Autonomous mobility modeling
requires studying the outputs of autonomy algorithms, and these algorithms cannot be evaluated without micro-scale, high-fdelity environment information. This micro-scale data is
necessary to accurately measure sensor performance, as sensors like LIDAR and camera
operate on cm-scale, unlike NRMM, which operates on km-scale. Just like the NRMM
computes vehicle mobility as a function of environment, the RAMM must compute vehicle autonomous mobility as a function of both environment and input sensor data. Unlike
the NRMM, highly-detailed simulation environments are needed to simulate these sensor
data and integrate these sensor data with autonomy algorithms to model UGV mobility.
Given the need for high-fdelity simulation environments and sensor data, the RAMM
is realized using the VANE. The VANE provides both aspects of mobility modeling, mechanical and perceptive. Unlike the NRMM, the RAMM is a deterministic simulation that
uses a physics-frst approach to generate, at a near-truth level, sensor and mobility model
outputs. Rather than comparing lump parameter vehicle and environment fles via empirical relationships, the VANE actually simulates a vehicle traversing a terrain. Similarly,
the VANE simulates UGV sensors within the simulation environment. Together, these
mobility and sensor simulations can be merged into an overall mobility prediction for an
autonomous UGV.
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The RAMM operates in a manner akin to the NRMM. A UGV vehicle model is compared against the terrain unit, or operational environment, and speed-made-good is computed. However, for the RAMM, this is accomplished by actually simulating the UGV
traversing the environment in the VANE to determine mobility. For the RAMM, the environment is characterized by both the mobility hazards and the fdelity of the sensor data
available at that terrain unit. For the vehicle model, the UGV is characterized by both its
mobility performance and its on-board sensors and autonomy algorithms. For driver-based
concerns, the VANE is used as to simulate the autonomy algorithms within the environment to determine the UGV’s autonomy algorithms’ performance as a function of input
sensor data.
The overall operation of the RAMM closes the loop between the VANE pre-processing
for determining autonomy algorithm performance and the VANE sensor performance modeling. This mobility modeling workfow is show in Figure 5.5. The pre-processing defnes
autonomy performance as a function of sensor input data. The sensor performance data defne the quality of sensor data available. By comparing autonomy algorithm performance
against available data, the RAMM can defne the overall ability of a UGV to operate across
a given terrain unit. To use the above example from Figure 5.4, the sensor performance
modeling shows that a UGV using an algorithm highly dependent on high-fdelity GPS
data would either operate at very low speeds or not operate at all in a dense urban area
(this example is shown in detail in Section 5.5). Using specifc algorithm performance, the
RAMM could go on to determine the mobility performance of the UGV.
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Figure 5.5
The proposed RAMM workfow.

The RAMM allows for the same types of evaluations performed on manned vehicles
as the NRMM performs on autonomous UGVs. For example, the RAMM can be used as
a mission planning tool for UGVs. As of writing, the felding of autonomous UGVs for
military applications is limited. One of the hurdles facing autonomous UGV deployment
is the inability to understand the mission-level capabilities of these UGVs. By capturing
the mobility performance of an autonomous UGV, the RAMM provides mission planners
with an understanding of where the UGV can operate and at what speeds it can operate
there. This will help in particular in route planning for UGVs.
Another key capability the RAMM will provide is the ability to compare manned vs.
unmanned vehicle performance. The trade-off between manned and unmanned vehicles is
poorly understood. Diffculties are faced when trying to defnitively show the benefts of
unmanned vehicles. Diffculties are also faced when trying to determine whether a manned
or unmanned vehicle is best for a given mission. The RAMM will provide a snapshot of
the performance capabilities of unmanned vehicles, which the use of NRMM for manned
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performance allows for an easy comparison between the manned and unmanned vehicle
mission capabilities.
Furthermore, the RAMM will allow for trade-off studies similar to the ones performed
using the NRMM. Rather than looking at performance changes as a function of suspension
or tire infation, the RAMM will allow developers to look at the performance changes as a
function of sensors and autonomy algorithms. This will allow decision makers to understand what the benefts of one sensor suite vs. another are or what the relative performance
between autonomy algorithms is. This aids in the development of requirements for UGV
systems and the development of UGV autonomy algorithms.

5.6

Example Application of the RAMM - Algorithm Performance Under Varying
Environmental Conditions
While it is well known qualitatively that adverse environmental conditions negatively

impact autonomy algorithm performance, this degradation of performance has yet to be
studied in a quantifable way. Common sense shows that image processing algorithms
will be less effective in the rain, and it has been shown in literature that rain reduces the
performance of image processing algorithms [147, 109]. Similarly, the diffculties image
processing algorithms suffer when operating at dusk or dawn are well-known qualitatively
[31]. One of the main goals of the RAMM is to take these phenomena and leverage VANE
to quantify performance as a function of environment.
The following study in environmental impacts on autonomy is an example application
of the RAMM framework for modeling mobility as a function of environment. This application instantiates how the RAMM could be used as a developmental tool by allowing
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developers to study their algorithms under extreme conditions, which in turn would enable
trade-off and employment studies as to what sensors/doctrine are optimal for operations in
degraded environments. The following study focuses on two popular autonomous navigation algorithms: object classifcation and lane detection.

5.6.1

Object Classifcation via CNN

Computational Neural Networks (CNNs) can achieve reasonable performance on hard
visual recognition tasks, sometimes matching or even exceeding human performance in
some domains. Inception-v3 is a CNN that was trained for the ImageNet Large Visual
Recognition Challenge. The CNN was developed using TensorFlow, which is an opensource software library for machine learning developed by the Google Brain team. To
compare models in the ImageNet Large Visual Recognition Challenge, it is common practice to examine how often the model fails to predict the correct answer as one of its top
fve guesses termed top-5 error “rate” [5]. Inception-v3 [5] reached a 3.46% top-5 error rate for the ImageNet Large Visual Recognition Challenge using the data from 2012
while AlexNet achieved a 15.3%, Inception [223] achieved a 6.67%, and BN-Inception-v2
achieved a 4.9%. Since a pre-trained CNN was used in this study, the number of nodes was
constrained to 90,000; therefore, the images had a size limit of 300 by 300.
Modern object recognition models contain a large number of parameters that can take
long periods of time to fully train. This study uses a transfer learning technique to shortcut
the training time by taking the fully-trained Inception-v3 model and retraining from the
existing weights for new classes. The fnal layer is retrained from scratch, while leaving all
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the other layers untouched. The premise behind this idea is that the natural phenomenon of
interest tends to have a hierarchical structure that deep neural networks naturally capture.
At the lowest layers of the neural network, simple things such as lines and edges are detected and fed to higher layers for detecting more complex things, such as part shapes. The
last layer of the neural network combines all parts together to detect objects of interest.
Several methods, such as deforming, cropping, or brightening the training inputs, were
available and applied randomly to improve results of image training. These methods have
the advantage of expanding the effective size of the training data due to all of the possible
variations of the same image and tends to help the network learn to cope with all the
distortions that will occur in real-life uses of the classifer [5].
For this particular study, the CNN was used as a binary classifer for detecting a Heavy
Expanded Mobility Tactical Truck (HEMTT) in two environments and two environmental
conditions: urban and rural environments and clear and hazy conditions. VANE was used
to generate the simulated imagery. The simulated data consisted of 1,871 images in an
urban environment and 1,630 images in a rural environment, and half of the images in each
data set were taken in a clear condition and half in a hazy condition. So, the total number
of data sets used to train the CNN was four. The time of day was varied from 0900 to 1700.
The camera views of the vehicle were randomly chosen for a 360 horizontal view of the
vehicle with a maximum angle of 45 from the ground.
To evaluate the performance of the CNN, the neural network was given simulated data
from a camera in a forest environment under varying rainfall rates and at different times
of day, which could be set using VANE’s simulation environment. The Figure 5.6 below
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shows the impact of the rainfall rate on the CNNs ability to detect the HEMTT vehicle in
the form of confdence of detection vs rainfall rate. Figure 5.7 shows a sample simulated
image with rainfall. Probability of detection was not performed because probability of
detection requires a large diverse data set for each rainfall rate to get a good measurement
of the CNNs probability of detecting the vehicle. In this work, a single data set consisting
of images with increasing rainfall rate was evaluated for proof of concept of the degradation
of performance of the CNNs confdence in detection with respect to rainfall rate using
simulated data.

Figure 5.6
The confdence of detection vs rainfall rate for the HEMTT in rain.
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Figure 5.7
An example simulated camera image of the HEMTT in rain.

Similarly, Figure 5.8 shows the impact of time of day on detection confdence. The
trained CNN was tested on images over the course of a 24 hour day. It this study, the
HEMTT was aligned east to west, so that at dawn the sun was directly behind the vehicle
and at dusk the sun was shining directly unto the vehicle. Figure 5.9 shows a sample
simulated image at dawn. Figures 5.6 and 5.8 show, and quantify, the environmental affects
long known to hinder autonomy. Furthermore, by showing these effects quantitatively,
objective performance of algorithms can be undertaken and algorithms can be compared
rigorously for optimal performance.

5.6.2

Lane Detection

A key task that must be accomplished for on-road autonomous navigation is lane detection. For a ground vehicle to successfully follow a road, it must know the physical
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Figure 5.8
The confdence of detection vs time of day for the HEMTT.

Figure 5.9
An example simulated camera image of the HEMTT at dawn.
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characteristics of said road, namely the width and curvature. Therefore, much research has
been given to developing these algorithms, which are in use already for many commercial
applications. However, little effort has been given over to quantifying these algorithms performance in adverse environmental conditions, and therefore these algorithms are typically
not used in rain/snow/fog/etc..
This is not to say that lane detection alrgorithms are never deployed in these challenging
conditions. Several flters and other image processing techniques can be used to reduce the
noise created by rain for lane detection algorithms, and details on these methods can be
readily found in [91]. However, for the purposes of this study, a simple algorithm with
no noise reduction was chosen. The reason for this choice is that this study does not
aim to test a specifc algorithm but rather to benchmark this particular type of algorithm’s
performance. The quantities measured below refect a “base-line” performance and defne
a general operational envelope as a function of environmental conditions.
The chosen lane detection algorithm was tested against two sequences of simulated
images: one under clear sky conditions and one in “heavy” rain condition of a rainfall rate
of 20 cm per hour. This study quantifes lane detection performance in two ways. The frst
is percent detection, which is the number of frames with lanes detected divided by the total
number of frames analyzed by the algorithm.. For this study, 37 images were simulated,
and the accuracy of the algorithm in clear and raining conditions can be found in Table 5.1.
Table 5.1 also shows the average accuracy of the detection calculated as given below.
Accuracy of detection was taken as the magnitude of the differences between the
ground truth slopes of the lanes in the image and the slopes of the detected lanes. As
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Table 5.1 and Figures 5.10 and 5.11 show, a signifcant drop in accuracy was observed in
the raining condition.
Figure 5.11 shows the output of the lane detection algorithm on an image taken by the
camera sensor in the “heavy” rain condition. On the other hand, Figure 5.10 shows the
output for the same image on a clear day. Qualitatively, the algorithm clearly fails in the
rain; however, using the methods described above, this failure can be quantifed. In so
doing, the accuracy of the “heavy” rain image is only 43.6%, whereas the accuracy of the
“clear” image is 98.7%.
Table 5.1
Lane detection algorithm performance comparison.
condition percent of frames with detection average detection accuracy
clear
91.2%
94.7%
heavy rain
81.1%
72.5%

An alternative to the benchmarking metrics used in this study is [72], which proposes a
much more thorough standard of measurement. The “state-of-the-art” metrics proposed by
this work include: Pixel-level correctness, Boundary position and deviation, Unoccupied
lane length, and Corridor width. These metrics were not chosen for the current work due
primarily to the fact that they are derived using experimental data and include metrics
leveraging UGV behavior during feld testing. Future work in assessing UGV peformance
using M&S should expand to include such metrics and change to leveraging these more
informative metrics.
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Figure 5.10
A simulated camera image with lanes detected for clear sky condition.
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Figure 5.11
A simulated camera image with lanes detected for “heavy” rain condition.
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5.7

Example Application of the RAMM - Route Planning with GPS Sensor Attribution
Route planning plays an integral role in mission planning for ground vehicle opera-

tions in urban areas. Determining the optimum path through an urban area is a fairly well
understood problem for traditional ground vehicles; however, in the case of autonomous
UGVs, additional factors must be considered. The RAMM takes these factors into account
by using perception factors in determining operational areas. This is an application of the
RAMM as a mission-planning tool. Operational routes can be explored and optimized
based on the sensors available for use on the UGV.
For this RAMM application, perception was incorporated into the route planning process via environment attribution with GPS sensor accuracy. For this study, a two-km by
two-km urban simulation environment was developed for use in the VANE. By simulating a GPS sensor along the road network within this scene in VANE, the accuracy of the
GPS sensor outputs was calculated. The relative error in the GPS outputs were then associated with a cost, and an A* path planner was used to fnd the lowest cost path across
the urban area. This path was compared to the shortest route to highlight the difference in
performance between manned and unmanned vehicles.

5.7.1

Simulating GPS Sensor Accuracy

Figures 5.12 shows the VANE simulation scene used in this study. The scene chosen was a typical urban cityscape containing approximately 1700 buildings. The urban
environment was designed such that it contained many features known to challenge autonomous navigation systems, including urban canyons (narrow roadways surrounded by
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tall buildings which result in signifcant GPS dropout). The goal in choosing this scene
was to provide a simulation environment that contained areas of both high- and low-quality
GPS data.

Figure 5.12
The urban scene developed for use in this study.

The GPS sensor error was simulated along a six-meter resolution road network grid at
a height of three meters off the ground. To generate the average GPS error values, the GPS
was simulated by collecting stationary position data at each grid cell for two hours. The
output receiver position was compared to the true receiver position within the scene, and
the average GPS error for each grid cell was determined using Equation 5.1.

GP Serr (x, y) =

N
1 X
|GP Ssim (x, y, ti ) − GP Strue (x, y, ti )|
N
i=1
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(5.1)
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Figure 5.13
The average GPS error along the road network.
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Figure 5.13 shows the GPS errors along the road network. The x,y axes of pixels in
the scene used for this study was run from 0 to 200, with each (x,y) point representing one
six-meter by six-meter terrain unit. Once calculated, the GPS errors were normalized to
have maximum value of one in the case of GPS dropout and scaled values of 0.99 to 0.01
for grid cells with GPS returns.

5.7.2

Path Planning using GPS Sensor Accuracy

For manned ground vehicles, path planning uses the A* algorithm, which fnds the
shortest open path between the start and goal points. Therefore, the natural starting point
for this study is the application of A* to the urban road network to determine the base case.
Figure 5.14 shows the optimal path determined by A* in the absence of sensor errors. The
path was chosen to have a start point of (12,5) and a goal point of (157, 157). It has a total
distance traveled of 213 terrain units and a total path cost of 256.08, where cost is defned
as given in [86]:

f (x) = g(x) + h(x)

(5.2)

The path cost function, g(x), can be any function of a node that assigns a positive, real
number value to that node (0, in the base case of no GPS error). The heuristic function h(x)
represents an acceptable estimate of the distance between the node x and the goal node.
Next, A* is again applied to the road network grid, only now the GPS sensor errors are
added as additional costs to (g(x), to be taken to be the normalized output of Equation 1)
to traveling through each grid cell. In this case, A* will return the path with the lowest
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total cumulative GPS sensor error. A* will also still attempt to follow the shortest path;
therefore, the path returned is the shortest path that minimizes GPS sensor error, and not
necessarily the path with the absolute minimum total cumulative error.
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Figure 5.14
The shortest possible path between the start and goal points.

Figure 5.15 shows the path chosen for the case of minimizing cumulative errors. From
a mobility standpoint, it is a less optimal path, having a total distance traveled of 226 grid
cells and a total path cost of 306.48. Furthermore, this path can be qualitatively described
as having many sharp turns, a switchback, and following several narrow roadways.
Using the VANE as the foundation of the RAMM, the capabilities of the UGV are
discovered and quantitatively measured. A UGV that is reliant on GPS data cannot operate
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Figure 5.15
The lowest error path between the start and goal points.
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in almost 25% of the area of interest. Furthermore, the relative cost of traversing the area is
much higher for the GPS-reliant UGV. The RAMM highlights the performance differences
between manned and unmanned vehicles and allows decision makers to better plan when
and where to deploy autonomous UGVs within this environment. Due to the lack of realworld UGV performance measures, it is not possible at this time to generate a true speedmade-good for this environment. Rather, this example serves to show the general RAMM
workfow and performance measuring outputs.
Moreover, the RAMM enables developers to better design their vehicles. The RAMM
shows how the GPS sensor accuracy affects mission-level performance. Using the RAMM,
a sensor tradeoff study could be performed to observe how changing the inertial navigation
solution for the UGV affected UGV performance within the urban environment. A similar
study could be performed based on the navigation algorithms used by the UGV. Much as
characteristics such as tire infation and suspension type could be varied to study missionlevel performance using the NRMM, characteristics such as sensors and algorithms can be
varied using the RAMM.

5.8

Conclusions
Ground vehicle mobility modeling has played a critical role in the vehicle acquisi-

tion process. Modeling tools that capture vehicle performance at an operational level are
integral in the design, development, testing, evaluation, and felding of ground vehicles.
Since the 1970s, one of the primary vehicle modeling tools in use has been the NRMM.
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By providing speed-made-good predictions for ground vehicles, the NRMM has provided
important information on mission-level performance to both users and developers.
However, NRMM cannot model the mobility of autonomous ground vehicles. Its focus
is on mechanical mobility and driver-based concerns. Recognizing the need for a new mobility modeling tool, this paper presented the RAMM, which is the frst mobility modeling
tool proposed for measuring autonomous mobility. The fnal outputs of the RAMM is a
marriage of the mechanical and perceptive mobility of the UGV.
Like the NRMM, the RAMM will be used for two primary purposes, i.e. showing the
impacts of design changes on mission performance, as shown in Section 5.6, and helping
mission planners understand the capabilities of an autonomous UGV, as shown in Section
5.7. The main factors infuencing mission performance are sensor and autonomy algorithm performance. The test cases presented illustrate how the RAMM can be used assess
autonomous mobility.
The presented examples were created using the VANE. The core operation of the
RAMM is to compare autonomy algorithm performances measured using the VANE with
the fdelity of sensor data available to these autonomy algorithms across the simulation
environment’s terrain. Future RAMM development will focus on integrating autonomy
algorithms with the VANE and developing the analysis techniques needed to accurately
predict autonomous mobility. Once completed, the RAMM will provide the community
with the mobility modeling tool it needs as part of the UGV acquisition process.
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CHAPTER 6
A PERCEPTION-BASED FUZZY ROUTE PLANING ALGORITHM FOR
AUTONOMOUS UNMANNED GROUND VEHICLES

6.1

Abstract
Path planning plays an integral role in mission planning for ground vehicle operations

in urban areas. Determining the optimum path through an urban area is a well-understood
problem for traditional ground vehicles; however, in the case of autonomous unmanned
ground vehicles (UGVs), additional factors must be considered. For an autonomous UGV,
perception algorithms rather than platform mobility will be the limiting factor in operational capabilities. For this study, perception was incorporated into the path planning
process by associating sensor error costs with traveling through nodes within an urban
road network. Three common perception sensors were used for this study: GPS, LIDAR,
and IMU. Multiple set aggregation operators were used to blend the sensor error costs into
a single cost, and the effects of choice of aggregation operator on the chosen path were
observed. To provide a robust path planning ability, a fuzzy route planning algorithm was
developed using membership functions and fuzzy rules to allow for qualitative route planning in the case of generalized UGV performance. The fuzzy membership functions were
then applied to several paths through the urban area to determine what sensors were optimized for in each path to provide a measure of the UGV’s performance capabilities. The
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research presented in this paper shows the impacts sensing/perception has on ground vehicle route planning by demonstrating a fuzzy route planning algorithm constructed using a
robust rule set that quantifes these impacts.

6.2

Introduction
In general, path planning for ground vehicles through a known area of interest involves

fnding the shortest path between two points that contains no obstacles [197]. Several methods have been developed to fnd the optimal path between two points, the most popular of
which remains the A* algorithm frst developed by Hart, Nilsson, and Rapheal in 1968 [86]
and its multiple variants found in [124]. Obstacles can be defned in many ways depending
on the capabilities of the ground vehicles in question, e.g. sharp turns, steep slopes, rough
terrain, etc, and paths are planned around these obstacles. For manned ground vehicles the
problem of path planning is considered mostly solved; a good example detailing ground
vehicle path planning is [222].
However, these path planning algorithms do not provide a complete solution for the
case of autonomous unmanned ground vehicles (UGVs). Additional factors affect autonomous navigation beyond those that affect traditional ground vehicle mobility, and the
best route for an autonomous UGV is not necessarily the shortest path. Rather than driverbased mobility concerns, the outputs of the UGV’s autonomy algorithms will determine
a UGV’s mobility performance. The limiting factor for autonomous operations will most
likely be not platform mobility but perception algorithm performance. The UGV’s ability
to accurately sense its environment determines its ability to successfully navigate a path;
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therefore, an ideal path planning algorithm for UGVs should take into account the accuracy
of the sensor outputs used to drive the UGV’s autonomy algorithms.
Furthermore, what constitutes an obstacle for an autonomous ground vehicle is not
clearly defned. Most autonomy systems have some built in fault tolerance and performance limitations that cannot be fully captured using binary, crisp go-nogo obstacle definitions. For example, defning obstacles for a UGV that can handle some GPS drop-out:
what constitutes “some” GPS drop out? Or an autonomous navigation system that can
handle “moderately sharp” but not “very sharp” turns? A successful path planner for autonomous UGVs must take into account the fuzziness inherent in autonomy systems.
This study focuses on the use of set aggregation operators and fuzzy membership functions to derive a path planning algorithm for autonomous UGV operations in urban environments. The importance of using fuzzy logic in complex route planning with multiple
optimization parameters is summarized well in [252]. In the current study, sensor data
accuracy were chosen as the optimization parameters for the reasons discussed above. Average sensor error values for the most common sensors used for autonomous navigation,
a laser range fnder, an inertial measurement unit, and a GPS receiver, were calculated for
a road network within a typical urban environment using the Virtual Autonomous Navigation Environment (VANE), a high-fdelity tool for simulating UGVs and their sensor
systems. The error values at each node along the urban road network were fused into a single node cost using various set aggregation operators. To handle qualitative inputs related
to autonomy algorithm performance limitations, a set of fuzzy membership functions and
fuzzy rules were developed to defne a fuzzifed obstacle set.
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The structure of this paper is as follows. The Technical Approach Section (Section 6.2)
gives a detailed derivation of the fuzzy set aggregation operators and fuzzy membership
functions. Details on the sensor errors, their calculation, and the simulation environment
used can be found in Section 6.3. The resulting path planning algorithm is presented in
Section 6.4. Section 6.4 also presents the application of this algorithm for UGV path planning. Finally, Section 6.5 provides conclusions and recommendations for future research.

6.3

Technical Approach
The following section provides a detailed derivation of the technical approach taken to

developing the fuzzy route planner. Including in this derivation are a brief introduction of
the basics of path planning as they pertain to the current study followed by the derivation
of the set aggregation operators developed for integrating the sensor data into the fnal path
planning cost function. This discussion is followed by the technical details of the fuzzy
path planner.

6.3.1

Path Planning

A* is the most commonly used path planning algorithm for a priori path planning
for ground vehicles. While a full technical description of the A* algorithm is beyond the
scope of this study, a discussion of some technical details is necessary. A* is best-frst
graph search algorithm that fnds the lowest-cost path of known cost between a start and
goal node [166]. It uses a distance-plus-cost heuristic function of node x to determine
the order in which nodes are searched. The distance-plus-function is denoted f(x) and is
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comprised of two parts: the path cost function and the estimated distance from node x to
the goal node:

f (x) = g(x) + h(x)

(6.1)

The path cost function, g(x), can be any function of a node that assigns a positive, real
number value to that node. The heuristic function h(x) represents an acceptable estimate
of the distance between the node x and the goal node; to pass as “acceptable”, h(x) must
satisfy the additional requirement

h(x) ≤ d(x, y) + h(y) ∀ edge(x, y)

(6.2)

where d(x,y) is the length of the edge.
A* can be further modifed by creating a set of closed nodes within the graph. The
set of closed nodes can be thought of as those nodes which contain obstacles or have
prohibitively high cost. These nodes will not be considered in the search for the lowest
cost path. By creating a closed list, however, it is possible to create a situation in which A*
can fnd no path from the start to goal nodes. This shortcoming is why A* is rarely used as
a real-time, onboard path planner for mobile robots.
After creating the closed set (if used), A* operates by searching through the neighboring nodes of the start node and moving to the next open node with the lowest cost, f(x). A*
then repeats the search for the neighboring nodes of that node, and so on until it reaches the
goal node. For most applications, the lowest cost path will be the shortest, though different
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functions can be chosen for g(x) depending on the application. Further details about the
implementation of A* for this study are presented in Section 6.5.

6.3.2

Set Aggregation Operators

One of the major benefts of fuzzy set theory is that it allows for the mathematical
fusion of information from various sources to aid in decision making processes. Fuzzy set
aggregation for fusing multiple sets of information into a single set upon which conclusions
can be drawn and decisions made is a well explored topic of research, and aggregation
operators have been successfully used for a number of applications [55, 104]. Fuzzy set
aggregation operators fulfll a set of axioms that ensure that these operators have specifc,
desirable properties, and an excellent overview of fuzzy set aggregation operators and their
properties can be found in [57].
While the sets used in this study are themselves crisp, the goal of this study, to provide
an optimal path in the case of sensor errors, is best realized using fuzzy set aggregation
techniques. The average sensor error values are discrete, crisp values; however, the impact
these errors have on the UGV’s ability to operate and its ability to navigate a certain path
is fuzzy. Ideally, a set of aggregation operators should be defned to create a fnal, single
cost value associated with each node.
To explore the effect of aggregation on the path chosen by the A* algorithm, the node
cost function g(x) in Equation 6.1 is chosen as various aggregations of the GPS, LIDAR,
and IMU sensor errors. Two of the most common aggregation operators, and therefore the
frst two studied, are the t-norm and the t-conorm. A full description of the t-norm and
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t-conorm is presented in [241]; in general, the t-norm can be thought as an “OR” operator
while the t-conorm can be thought of as an “AND” operator. For this study, two forms of
the t-norm and t-conorm operators were tested: the min operator and the product operator:

T(GPS, LIDAR, IMU) = min(GPS, LIDAR, IMU)

(6.3)

T(GPS, LIDAR, IMU) = GPS*LIDAR*IMU

(6.4)

In these equations, GP S, LIDAR, and IM U refer to the error value for each sensor at
that node. The meaning and calculation of these errors values is defned later in Section
6.3. Similarly, the t-conorm operators used are given by

S(GPS, LIDAR, IMU) = max(GPS, LIDAR, IMU)

(6.5)

S(GP S, LIDAR, IM U ) = GP S + LIDAR + IM U − (GP S ∗ LIDAR ∗ IM U ) (6.6)

A more complex aggregation operator that lies in the middle of the extremes presented
by the t-norm and t-conorm is the ordered weighted average (OWA). The OWA was frst
defned by Yager in 1988 [249] with the goal of providing an aggregation operator capable
of adjusting the level of “and-ing” or “or-ing” the sets in question. In his seminal paper,
Yager defnes an OWA as “a mapping F from
I n → I, I = [0, 1]
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(6.7)

is called an OWA operator of dimension n if associated with F is a weighting vector, W ,
⎡
⎤
⎢ W1 ⎥
⎥
⎢
⎥
⎢
⎥
W =⎢
W
⎢ 2 ⎥
⎥
⎢
⎦
⎣
W3

(6.8)

such that
1)W ∈ (0, 1)
(6.9)
2)

P

i

Wi = 1

and where
F (a1 , a2 , ..., an ) = W1 b1 + W2 b2 +· · · Wn bn

(6.10)

where bi is the ith largest element in the collection a1 , a2 , · · ·an .”
Using this defnition, it can be seen that the max and min defnitions of the t-norm and
t-conorm are in fact special cases of the OWA. Setting W1 to one will return the t-conorm,
while setting Wn to one will return the t-norm. Likewise, setting Wi equal to

1
N

for every

i will simply return the arithmetic mean.
For this study, n is equal to three, and the OWA will map from the three sets of errors
values into a single set of node costs. Three weights are needed to defne the OWA, and
these weights can be tuned based on the reliance of the UGV on high-fdelity sensor data.
So, to utilize the OWA, g(x) for each node is defned as
⎡

g(x) =

W1 W2

⎤

⎢ E1 (x) ⎥
⎥
⎢
⎢
⎥
⎥,
W3 ⎢
(x)
E
⎢ 2
⎥
⎢
⎥
⎣
⎦
E3 (x)

where Ei are the ordered sensor errors at node x
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(6.11)

and various values of W1 , W2 , and W3 can be tested to explore the effects on the planned
path.
Many, many other possible aggregations of the sensor error values exist, for example
the t-norm of the GPS and LIDAR errors, the t-conorm of the LIDAR and IMU data,
an aggregation that only takes into account one error source, etc. The exact aggregation
operator and the OWA weights will always be platform and setting dependent, and an
exhaustive study of these combinations is not necessarily relevant to the current study
which seeks only to create a fuzzy path planning framework rather than a fully realized
path planner for a particular UGV system. It suffces as a base case to study the effects of
aggregation on the path determined to show the impact of error aggregation on the planned
path.

6.3.3

Fuzzy Path Planning

Different aggregation operators allow the path to be tuned according the UGV’s specifc perceptive capabilities, but they do not allow for the qualitative optimization of the
path. To further refne the path planning algorithm for autonomous UGVs, the algorithm
must account for the fuzziness inherent in autonomous systems; that is, some fuzziness
needs to be developed to handle the situation of a UGV that is “mostly” GPS reliant, or
“highly” tolerant of LIDAR errors, or capable of navigating “fairly narrow” roadways, and
so on.
The “fuzzifcation” of the A* algorithm is accomplished by creating a fuzzy closed
set. This fuzzy set will be created through the use of fuzzy membership functions for each
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error source. In general, a fuzzy membership function will map the value of each error to a
value between zero and one which represents the degree of membership the corresponding
node has within the set of closed nodes. A good source of further information about fuzzy
membership functions and their properties is provided by [184].
Unlike the traditional case of searching for the path of shortest distance and/or lowest
cost, now the A* algorithm will be used to fnd the shortest path through the set of open
nodes. The difference will be in that in this case, closed nodes will not be binary but instead
be some fuzzy amount of closed as determined by various rules based on membership
functions.
It proves impossible to provide a complete set of rules for all possible UGV performance parameters. On the other hand, a framework for applying generalized performance
parameters to the path planning algorithm is a task easily realized through the use of fuzzy
membership functions. For this study, the fuzzy route planning algorithm was implemented
using membership functions for each of the three error sources. The membership functions
were developed using the following general guidelines of autonomous navigation:
1. GPS offset errors do not signifcantly impact autonomous navigation performance,
but GPS drop outs do.
2. IMU drift errors are often compensated for through fusion with GPS data via Kalman
fltering.
3. LIDAR errors substantially effect a UGV’s ability to successfully navigate and avoid
obstacles
4. When LIDAR errors are high, IMU errors must be low or else the UGV will not be
able to navigate.

Using these guidelines, the following membership functions were developed:
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1

µclosed (X) =
e

1−GP S(X)
GP S(X)

,
(6.12)

where GP S(X) = GPS error value at node X
1

µclosed (X) =
e

1−IM U (X)
( IM U (X) )2

,
(6.13)

where IM U (X) = IMU error value at node X
⎧
⎪
⎪
⎪
⎪
2 ∗ LIDAR(X), if
⎪
⎪
⎪
⎪
⎨
µclosed (X) = LIDAR(X) ≤ 0.5
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎩1, otherwise

(6.14)

where LIDAR(X) = LIDAR error value
at node X
These membership functions are shown in Figures 6.1, 6.2, and 6.3.
Additional rules can be developed to help the algorithm avoid nodes may not be obstacles or areas of high error but do represent mobility hazards. For example, a UGV might
have trouble navigating on narrow roads. Or it may be desirable from a mission standpoint to avoid tight, constricted roadways; or the converse could be true, and the mission
may call for avoiding major roadways. For this study, further membership functions were
developed based on the following guidelines:
1. Nodes that neighbor obstacle nodes (i.e. the edge of the roadway) are MOSTLY
closed, and nodes that neighbor MOSTLY closed nodes are themselves PARTIALLY
closed.
2. For the case of avoiding major roadways, nodes that do not border an obstacle are
MOSTLY closed and nodes neighboring MOSTLY closed nodes are PARTIALLY
closed.
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For these cases, we will defne the two member linguistic set:
L = {M OST LY, P ART IALLY }(X) → {0.8, 0.5}

(6.15)

Figure 6.1
µclosed (GP S).

For the new, fuzzy A* algorithm to be practically employed for real world problems,
the closed set must be de-fuzzifed. As defuzzifcation is a critical step in the successful
use of fuzzy sets and fuzzy logic for practical applications, much research has been done in
this area [250, 234]. For the fuzzy A*, defuzzifcation is realized using a simple relaxation
parameter, ρ, such that

nodeX =

⎧
⎪
⎪
⎪
⎨closed,

if x ≥ ρ

⎪
⎪
⎪
⎩open,

otherwise

,

where x = µclosed (X) and 0 ≤ ρ ≤ 1
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(6.16)

Figure 6.2
µclosed (IM U ).

Figure 6.3
µclosed (LIDAR).
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When the value of ρ is lowered, more nodes will be placed on the closed list. The degree
to which a node belongs to the set of closed nodes, µclosed (X), is determined through
an aggregation of the memberships presented above. The aggregation operation used to
calculate µclosed (X) will be determined based on the rules used for path optimization. As
stated above, a comprehensive list of rules cannot be developed. For this study, only the
following rules will be tested:
1. GPS error can be high if IMU error is low and LIDAR error is insignifcant.
2. LIDAR error must be low and GPS and IMU error are insignifcant.
3. LIDAR error can be high as long as GPS and IMU errors are low.
4. Avoid narrow roadways.
5. Avoid broad, major roadways.

The justifcation for each rule is as follows:
1. This rule is a straight forward implementation of the concept that UGVs require
accurate positioning data, and these data must come from a high-quality IMU in the
case of GPS denial.
2. LIDAR data are typically used to generate obstacle maps for navigation, and these
maps require highly accurate data about the UGVs position within the environment.
Therefore, the UGV either needs accurate GPS or accurate IMU data; however, a
multitude of positioning algorithms based solely on LIDAR have been developed
(e.g. [224], which allows UGV navigation in the case of degraded positioning data
so long as the LIDAR data remain relatively accurate.
3. This is the converse of Rule 2; as long as the UGV has very accurate positioning data,
it can operate despite low-quality LIDAR data. Details about this data interaction for
UGV navigation can be found in [225].
4. Avoid narrow roadways. This rule would apply as a function of the UGV employed.
For example, a large, armored vehicle would be forced onto only those roadways
that can accommodate its size.
5. Avoid broad, major roadways. This is the converse of Rule 4, and would be applied
in scenarios of smaller UGV employment and/or a need to avoid potential detection.
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These fve rules result in the following µclosed (X) membership functions:

µclosed (X) = min(GP S(X), IM U (X))

(6.17)

µclosed (X) = max(LIDAR(X), IM U (X))

(6.18)

µclosed (X) = max(min(LIDAR(X), IM U (X)),
(6.19)
min(LIDAR(X), GP S(X))))

µclosed (X) = L(X)

(6.20)

These values can then be tested using Equation 6.16 to form the closed set, which in turn
the A* algorithm can operate on to determine the best path between the start and goal
points.

6.4 Experiment
The following sections describe in detail the data used to develop and apply the fuzzy
route planner. Included is a description of the simulation environment used to generate the
sensor data, the VANE, and how the sensor data was generated.

6.4.1

High-Fidelity UGV Simulations

It would be impractical to collect and measure the error in the outputs of GPS, IMU,
and LIDAR sensors within a large urban environment for this study. Instead, simulations
are used to generate the sensor data needed to test the fuzzy path planner. The data for this
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study were generated using the Virtual Autonomous Navigation Environment (VANE),
a high-fdelity, physics-based simulation environment for the design, development, and
evaluation of autonomous UGVs developed by the US Army Research and Development
Center (ERDC). By leveraging advances in High Performance Computing (HPC) tools, the
VANE provides a high-fdelity, physics-based simulation environment that can be run in
a practical time frame. Because the VANE is physics-based, rather than effects-based, it
generates simulated sensor outputs that are very near to true sensor outputs. The VANE
performs parallel computations of radiative transfer for simulations of LIDAR sensors.
The VANE additionally leverages complex vehicle-terrain interaction models to produce
highly realistic GPS and IMU simulated outputs.
An in-depth review of the VANE is beyond the scope of this report; a full description of the VANE can be found in [82] and [81]. In particular, this study leveraged the
physics-based sensor models contained within the VANE computational testbed (CTB),
which are described in detail in [80]. For this study, LIDAR, GPS, and IMU sensor data
were generated along a road network for a typical urban environment.

6.4.2

Simulation Scene

Figures 6.4 and 6.5 show the simulation scene used in this study. The scene chosen
was a typical urban cityscape roughly two km by two km and containing approximately
1700 buildings. The urban environment was designed such that is contains many features
known to challenge autonomous navigation systems. These features include urban canyons
(narrow roadways surrounded by tall buildings which result in signifcant GPS dropout),
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tight turns, and narrow and constricted roads. The subsection of the scene used in this
study is shown in the yellow box in Figure 6.5.

Figure 6.4
The urban scene developed for use in this study.

This study will apply the fuzzy path planner to the road network within Figure 6.5,
which is shown in Figure 6.6. To apply the path planner, the error in sensor data must frst
be calculated along the road network. To do this, the road network was segmented into 1m
by 1m nodes, and the sensors were simulated at each node. For the GPS, the sensor error
was taken as the straight-line distance between the actual GPS position and the position
returned by the GPS simulation. For the LIDAR, the error was taken as the average of the
point-to-point differences between the true scene geometry and the LIDAR point cloud.
For the IMU, error was calculated as the difference between the true node location and
the calculated node location using the IMU data due to drift as the IMU traveled from the
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Figure 6.5
An overhead view of the urban scene developed for use in this experiment.
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bottom left to top right of the road network. More details on calculating these sensor error
values are given in the following section.

Urban Road Network
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Figure 6.6
The road network used in study.

6.4.3

Simulating Sensor Errors

The GPS sensor error was simulated at each node at a height of three meters off
the ground. To generate the average GPS error values, the GPS was simulated collecting
stationary position data at each node for two hours. The output receiver position was
compared to the true receiver position within the scene, and the average GPS error for each
grid cell was determined using Equation 6.21.
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GP Serr (x, y) =

N
1 X

N i=1

|GP Ssim (x, y, ti ) − GP Strue (x, y, ti )|

(6.21)

Note that the GPS error does not take into account errors in the z-direction. This
exclusion is do the the large errors inherently present within GPS altitude measurements,
which are almost never used by autonomous navigation systems. Once calculated, the
GPS errors were normalized to have maximum value of one in the case of GPS dropout
and scaled values of 0.99 to 0.01 for nodes with GPS returns. These scaled values were
calculated by simply dividing every GPS error value by the maximum error value within
the scene. Figure 6.7 shows the GPS errors along the road network.
The LIDAR sensor error was generated using a method similar to that of the GPS
sensor. At each grid cell along the road network, one LIDAR scan was performed using
a 3D LIDAR sensor. The simulated point cloud was then compared to the point cloud
generated using an ideal LIDAR, i.e. one that does not suffer from beam divergence and
refects perfectly from all surfaces. The average error at each grid cell was computed in the
same fashion as the GPS error:

LIDARerr (x, y) =

N q
1 X
2
(xsim − xideal )2
i + (ysim − yideal )i

N i=1

(6.22)

Figure 6.8 shows the LIDAR errors along the road network, which have been normalize to
a maximum value of one in the same fashion as the GPS errors.
By nature, all IMU sensors suffer from drift, scale, and bias effects. However, almost
all IMU sensors have built-in processing to remove these error sources. Especially when
traveling over fat, benign terrain, such as the road network chosen for this study, IMU
errors will be negligible. However, because this study seeks to realize a fuzzy path planner
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for autonomous UGVs that make use of IMU sensors, artifcial IMU errors were injected
into the environment for use in the path planner. Rather then focusing on a particular sensor
or UGV, this study focuses on a path planning framework; therefore, generic IMU sensor
data was generated for use in the general overall path planning process.
In general, the greater the distance traveled or the longer the time of operation, the
more the pure IMU position estimates without signal processing will degenerate. Given
that most commercial IMU units will be calibrated to compensate for scale and bias, the
synthetic IMU error was calculated simply as the drift in the sensor multiplied by the total
distance traveled, and the error values were then normalized in the same fashion of the GPS
and LIDAR. Figure 6.9 shows the IMU errors along the road network, with the assumption
that the sensor is traveling at a constant speed starting at the bottom left corner of the map
and moving towards the top right corner. The direction of error propagation matches the
direction of travel for the paths planned in the following section. A generic drift function
was used to increase error over time. The errors were calculated assuming a general UGV
progression from the bottom left to the top right corner of the road network.
Using these error values, the degree of membership of the set of closed nodes, µclosed (X),
can be calculated for each sensor. Using Equation 6.12, 6.14, and 6.13, µclosed (X) for each
sensor is shown in Figures 6.10, 6.11, and 6.12. These individual µclosed (X) values will
be aggregated using the rules presented in Section 6.2, and the fuzzy A* algorithm will
then be applied to the set of nodes along the road network. Full details of this analysis are
presented in the following section.
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Figure 6.7
The average GPS error along the road network.
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Normalized LIDAR error
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Figure 6.8
The average LIDAR error along the road network.
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Normalized IMU error
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Figure 6.9
The synthetic IMU error along the road network.
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µclosed(GPS)
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Figure 6.10
µclosed (GP S) calculated using Equation 6.12.
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µclosed(LDIAR)
1
160
0.8
140

0.6

120

0.4

100

0.2
0

80

−0.2
60
−0.4
40
−0.6
20

−0.8

0

−1
0

20

40

60

80

100

120

140

160

Figure 6.11
µclosed (LIDAR) calculated using Equation 6.14.
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µclosed(IMU)
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Figure 6.12
µclosed (IM U ) calculated using Equation 6.13.
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6.5

Results
This section provides detailed results of the application of the fuzzy route planner de-

veloped in Section 6.2 using the data generated as per Section 6.3. Specifcally, traditional
route planning, i.e. non-fuzzy route planning, is presented to serve as the base case of route
planning. This base case route planning is then followed by route planning leveraging the
aggregation operators described in Section 6.2. Next, the core research of the current work,
the application of the fuzzy route planner, is presented. Finally a brief mention of how the
fuzzy route planner can be applied for measuring path optimization is made.

6.5.1

Path Planning in the Crisp Case

For manned ground vehicles, path planning can be realized for the most part using
only crisp data and binary rules. Nodes are either closed (contain obstacles) or open, and
the A* algorithm is used to fnd the shortest open path between the start and goal points.
Therefore, the natural starting point for this study is the application of A* to the urban
road network shown in Figure 6.6 to determine the base case. This path represents the path
in the case of zero sensor errors or mobility hazards. Figure 6.13 shows the optimal path
determined by A* in the absence of sensor errors. The path was chosen to have a start
point of (12,5) and a goal point of (157, 157). It has a total distance traveled of 213 grid
cells and a total path cost of 256.08, where cost is defned as given in Equation 6.1. These
cost and distance values serve as the “best case’ values, and subsequent paths planned will
require some trade-off between cost, distance traveled, and avoidance of sensor errors.
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A second crisp case of path planning involves simply applying A* again to the grid
created by adding the total sensor error values at each node along the road network, as
shown in Figure 6.14. In this case, the cost function for each grid cell, g(x), is not the
distance traveled but instead the total sensor error value at that grid cell as given by Equation 6.23. Note that in this case, grid cell values are no longer normalized and the cost of
traveling to each grid cell varies between zero and three. In this case, A* will return the
path with the lowest total cumulative sensor error. Because h(x) has not been modifed, A*
will still attempt to follow the shortest path; therefore, the path returned is the shortest path
that minimizes sensor error, and not necessarily the path with the absolute minimum total
cumulative error.

g(x) = GP Serr (x) + LIDARerr (x) + IM Uerr (x)

(6.23)

Figure 6.15 shows the path chosen for the case of minimizing cumulative sensor errors.
From a mobility standpoint, it is a less optimum path, having a total distance traveled
of 226 grid cells and a total path cost of 306.48. This path represents the crisp case of
minimizing sensor errors and is sub-optimal from a mobility standpoint.
These two paths provide the baseline for this study. Figure 6.13 represents the absolute
minimum distance path between the start and goal and Figure 6.15 represents the absolute minimum cumulative total sensor error attainable. All subsequent paths calculated
in this study will be referenced back to these paths. For now, a simple measure of path
“goodness”, denoted Opath , can be measured using
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Figure 6.13
The shortest path between the start and goal points.
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Total Sensor Errors
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Figure 6.14
The map grid generated using Equation 6.23.
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Minimum Total Sensor Error Path
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Figure 6.15
The lowest sensor error path between the start and goal points.
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Opath = ωd

213
+
path distance

(6.24)

306.48
ωe
path cumulative error
where ωd is the weighting of the distance traveled and ωe is the weighting for the total sensor error. For the path of least distance, the total cumulative error was 406.28; therefore,
with both distance and error weighted equally, the maximum value of the goodness parameter becomes 1.70. Another way of stating this is that the error optimization parameter for
the shortest path is 0.75 and the distance optimization parameter for the lower error path is
0.95. Equation 6.24 can be modifed to refect this as

Opath =

0.95 ∗ 213
0.75 ∗ 306.48
+
=
path distance path cumulative error

(6.25)

202
229.86
+
path distance path cumulative error
which provides a goodness measure of 1.5 for the minimum distance case and 1.61 for
the minimum error case. By design, Equation 6.25 gives a better measure for those paths
which lower the cumulative error, which is desirable for this study. While Equation 6.25
is not necessarily ideal, it will suffce as a measure of general “goodness” for the paths
calculated in the following section.
Neither of the above crisp cases provides an adequate solution to the path planning
problem. A more ideal path would provide some blending of these paths that accounts
for both distance traveled and cumulative sensor errors. Furthermore, not all sensor data
are of equal importance for autonomous navigation. What sensors are critical and the
amount of fdelity necessary in the sensor measurements vary from platform to platform.
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Some aggregation of the sensor error values that takes into account UGV performance
characteristics along with distance traveled is more desirable.

6.5.2

Path Planning using Aggregation Operators

To study the effects of different aggregation operators on the chosen path, the fuzzy
path planning algorithm was run using several different aggregation operators, again with a
start point of (12,5) and a goal point of (157, 157). Each path chosen was the path with the
lowest total cost and not the path of shortest distance or minimum cumulative sensor error.
The frst operator tested was the t-norm. Two paths were generated, one using Equation
6.3 and one using Equation 6.4. Figure 6.16 and 6.17 show the paths chosen when g(x)
was taken to be the t-norm aggregation of the sensor error values.
Both paths chosen in this case are the same, and the difference in the cost calculated
using Equation 6.3 and 6.4 is negligible. Similarly, the paths chosen when g(x) is calculated using the t-conorm operators are shown in Figure 6.18 and 6.19. The paths chosen by
the max t-conorm operator is the same as the shortest distance path while the product path
is unique. Both of these paths are qualitatively “better” paths. These paths are more direct and contain less obvious mobility hazards. The t-conorm paths are also quantitatively
better, as will be seen later.
After observing the paths found using the t-norm and t-conorm operators, several OWA
operators were were tested by setting g(x) equal to Equation 6.11 with various values for
W1 , W2 , and W3 . Figures 6.20, 6.21, and 6.22 show some of these paths. Table 6.1 shows
some meta-data about the paths generated using the aggregation operators, including the
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Figure 6.16
The path of lowest cost using the t-norm minimum aggregation operator.
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t−norm product Path
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Figure 6.17
The path of lowest cost using the t-norm product aggregation operator.
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t−conorm max Path
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Figure 6.18
The path of lowest cost using the t-conorm maximum aggregation operator.
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Figure 6.19
The path of lowest cost using the t-conorm product aggregation operator.
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path’s goodness value calculated using Equation 6.25. As Table 6.1 shows, the best path is
found using the OWA operator with weights of (0.8,0.1,0.1).

OWA w1=w2=w3=0.33
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Figure 6.20
The path of lowest cost using the OWA operator with equal weights.

As this section shows, there an infnite number of ways of aggregating the error values into the path planning process. Different OWA weights have different effects on the
chosen path, and each combination results in its own qualitative and quantitative merits.
For practical applications, the OWA weights would be chosen to refect the performance
capabilities of the UGV for which paths were being planned. For example, the LIDAR
could be weighted heavily versus the other two sensor errors for a UGV using laser-based
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OWA w1=0.5, w2=0.3, w3=0.2
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Figure 6.21
The path of lowest cost using weights of (0.5, 0.3, 0.2).

Table 6.1
Goodness data for the paths planned using error aggregation.
Aggregation
Operator

OWA
Weights

Path Distance
(nodes)

t-norm min
t-norm product
t-conorm max
t-conorm product
OWA
OWA
OWA
OWA
OWA
OWA

(0,0.1)
NA
(1,0,0)
NA
(0.33, 0.33, 0.33)
(0.5, 0.3, 0.2)
(0.2, 0.3, 0.5)
(0.2, 0.6, 0.2)
(0.8, 0.1, 0.1)
(0.1, 0.1, 0.8)

236
236
225
229
233
232
236
223
220
236
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Path Cumulative
Sensor Error
(nodes)
406.00
406.58
396.43
338.67
378.8
466.63
366.31
423.47
320.02
293.54

Path
Goodness
1
( nodes
)
1.422
1.421
1.520
1.561
1.474
1.363
1.483
1.448
1.676
1.639

OWA w1=0.8, w2=0.1, w3=0.1
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Figure 6.22
The path of lowest cost using weights of (0.8, 0.1, 0.1).
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localization algorithms. This aggregation-based path planning is in this way robust and
extensible to a wide range of UGV platforms.

6.5.3

Path Planning using Fuzzy Membership

While the previous section showed that set aggregation operators can help provide
a better path for autonomous UGVs, the path determined is still not necessarily ideal or
optimal. The specifc aggregation technique used to determine the cost function g(x) is
highly dependent on the UGV platform and autonomy algorithms, and different operators
will be better suited for different situations. A more interesting and ultimately useful tool
is a set of fuzzy rules for further refning what an “optimal” path is. To that end, the effects
of the fuzzy set membership functions developed in Section 6.2 were applied to the A*
path planner.
Figure 6.23 is the the fuzzy closed set created using Equation 6.17, and Figure 6.24
shows the lowest cost path when ρ was set to 0.2. In this case, the path planned skirts
around the large area of GPS dropout near the starting point. This path is much better for
the case of a autonomy system that requires a high-fdelity localization solution than the
paths found in the previous section. Increasing ρ to values of 0.3 and above shifts the path
back to the one nearly identical to the path returned by the t-conorm max aggregation case,
shown in Figure 6.18.
Figure 6.25 shows the plot of the fuzzy closed set created using Equation 18. The red
nodes are those nodes with µLIDAR values of 1, which are closed regardless of the value
chosen for ρ. Using the rule presented in Equation 18, no open path between the start and
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The Fuzzy Closed Set Determined Using Equations 12, 13, and 17
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Figure 6.23
The fuzzy closed set created using Equations 12, 13, and 17.
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The Lowest Cost Path Using Fuzzy Costs Determined by Equations 16 and 17
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Figure 6.24
The lowest cost path of using Equations 16 and 17 and ρ = 0.2.
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end points exists unless ρ is set to 1.01. Unlike the previous, crisp case of path planning, the
fuzzify A* algorithm shows that a UGV highly reliant on high-fdelity LIDAR data would
not be able to autonomously navigate through this area, which is critical information for
mission planning purposes.

The Fuzzy Closed Set Created Using Equation 18
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Figure 6.25
The fuzzy closed set created using Equations 14 and 18.

This same result is seen again when the rule shown in Equation 19 is used. This membership function allows for high LIDAR errors as long as GPS or IMU errors are low, but
this scenario does not happen towards the top right corner of the scene where the goal point
is located. Again, the fuzzy path planner is able to provide a more realistic and meaningful
result that accurately refects the performance capabilities of an autonomous UGV.
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Figure 6.26 shows the fuzzy membership set when the rule of avoiding narrow roadways is applied. In this case, all nodes neighboring an obstacle are assigned a µ value of
0.8, and nodes neighboring these nodes are assigned a µ value of 0.5. Similarly, Figure 6.27
shows the resulting fuzzy closed set from applying the rule of avoiding major roadways.

The Fuzzy Closed Set Created by Mapping Unto the Linguistic set L for Avoiding Narrow Roadways
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Figure 6.26
The fuzzy closed set created using the rule “avoid narrow roadways.”

As with the previous case wherein high LIDAR errors must be avoided, no path between the start and goal points exists. The lack of a navigable path is useful information
and a much better solution than the paths developed in Section 6.3; however, what if the
UGV must fnd some path between the start and goal points? This situation can be accounted for by replacing the fuzzy closed set with the binary closed set and then applying
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The Fuzzy Closed Set Created by Mapping Unto the Linguistic set L for Avoiding Major Roadways
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Figure 6.27
The fuzzy closed set created using the rule “avoid major roadways.”
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the membership functions to the node cost function g(x). To do this, the fuzzy path planner
was modifed such that, in the case no path being found, it searched for the path again using
the binary closed set and searching for the path of least cost. Instead of the membership
functions mapping to the closed set, they are instead used to calculate the node cost. Figure 6.28 shows the lowest cost path that avoids narrow roadways, and Figure 6.29 shows
the lowest cost path that avoids broad roadways. While neither path is able to completely
follow its respective rule, both paths are optimal for their cases.

The Lowest Cost Path That Avoids Narrow Roadways
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Figure 6.28
The lowest cost path when avoiding narrow roadways.
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The Lowest Cost Path That Avoids Major Roadways
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Figure 6.29
The lowest cost path when avoiding major roadways.
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6.5.4

Determining Path Optimizations

One interesting application of the fuzzy membership functions and rules developed
Section 6.2 and tested in the previous section is that they can be retrospectively applied to
a path. That is, for a given path, what is each node’s membership within the closed set, and
overall what rules were followed in the generation of that path? Performance evaluation
for autonomous UGVs is a hot topic with many outstanding problems, and this type of
application of fuzzy sets provides some insight into how UGVs could be assessed. Given
that a UGV navigated autonomously through an area, and provided with the UGV’s chosen
path, it is possible to measure how “good” of a path the autonomous navigation algorithm
chose and what factors most impacted the UGV’s choice of path.
While actually feld testing autonomous UGVs within some large urban scene is outside the scope of this study, some insight can be gained by simply applying the fuzzy
membership functions to a few paths through the scene. For example, Figure 6.30 shows a
the path of least distance between the nodes (140, 3) and (3, 151). The path has a total distance of 203 nodes with 103 nodes having a membership of 1 as given by Equation 12, so
this path is clearly not optimized for a UGV that is dependent on GPS data. However, with
a rho value of 0.4, this path has zero nodes with membership within the closed set defned
by Equation 17, so a UGV that traveled this path can be said to be capable of handling
prolonged periods of GPS denial.
It is also of interest to apply these membership functions to some of the paths chosen
using simple set aggregation parameters, i.e. the paths chosen in Section 6.4.2. Using set
aggregation techniques alone, the best path was found to be the OWA with weights (0.8,
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The Path Between (140,3) and (2,151)
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Figure 6.30
The shortest path between nodes (140,3) and (3,151).
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0.1, 0.1). Applying the membership functions to the nodes within this path reveals that this
path contains 111 GPS dropouts and 29 nodes of high LIDAR error, showing that this path
was not actually optimized to avoid these sensor errors. Comparing this path to the path
shown in Figure 6.24 shows that the fuzzy path planning approach provides a much better
solution in the case of a highly GPS-reliant UGV system. Another seemingly “good” path
from Section 6.4.2 was the t-conorm max aggregation; evaluating the goodness of this
path using the fuzzy membership functions shows that this path contained 117 nodes of
GPS dropout and 37 nodes of high LIDAR error. Again, the path planned in the fuzzy
case proves much better suited to autonomous UGVs and much more robust with respect
to their operational capabilities.

6.6

Conclusions
In many cases, the tried-and-true methods developed for ground vehicle operations

prove insuffcient for autonomous UGVs. The current mission planning and performance
assessment tools prove in-extensible to autonomous systems, and new methods must be developed. This study explored one such area in which traditional methods are not well suited
to autonomous operations: route planning through urban areas. For traditional ground vehicles, routes can be planned using well understood mobility concerns and crisp relations.
For autonomous navigation, however, the impact of sensor outputs and autonomy capabilities must be taken into account. With that in mind, a novel route planning algorithm for
autonomous navigation through urban environments was developed.
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The developed route planner took into account average error values in sensor outputs
for the sensors most commonly used for autonomous navigation: GPS, LIDAR, and IMU
sensors. Multiple approaches for incorporating these sensor errors into the route planning
algorithm were tested. Both crisp aggregations of the error values and fuzzy membership
functions were tested, along with the application of some fuzzy, qualitative rules. After
testing several iterations of the fuzzy route planning algorithm, this study found that the
use of fuzzy membership functions and fuzzy rules provided a more optimum solution to
the route planning problem.
Because autonomous systems and autonomous navigation algorithms are themselves
fuzzy, it makes sense that a route planner for autonomous navigation should itself be fuzzy.
The developed fuzzy route planning algorithm proved much more versatile than the traditional path planner. It was able to optimize paths for UGVs using qualitative information
about the UGV’s inherent capabilities, an ability that previous path planning algorithms
lacked.
This study represents only a frst-look, base case for the use of fuzziness in route planning for autonomous ground vehicles. It presents a fuzzy route planning algorithm for
UGV operations in urban environments along with a framework for implementing fuzzy
rules for this route planning algorithm that is easily extensible for many different UGV systems with a range of sensors and autonomy algorithms. Going forward, many more rules
should be developed and implemented and additional sensors, such as a camera, should be
included into the fuzzy route planner. The early results presented in this study are promising, and show that further development of a more robust and fully realized fuzzy route
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planning algorithm would have a positive impact on the ability to feld autonomous assets
and predict their performance.
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CHAPTER 7
CONCLUSIONS

7.1

Problem Statement
Unmanned and autonomous ground systems are the future for military vehicle sys-

tems. As autonomy technology advances and the Armed Forces continue to draw down
on manpower, an urgent need to adopt autonomy has come into existence. For the Armed
Forces to continue fulflling their mission, they must increase the number of autonomous
assets felded for military applications.
One of the major barriers for wide-spread use of autonomy for military applications is
the pace at which new technologies are developed. In particular, understanding the military
utility of these technologies has proven exceptionally challenging. Assessing autonomous
performance currently requires slow and costly feld testing. Furthermore, the feld testing
done for autonomous assets now only captures small snapshots of performance; no method
as assessing mission-level performance exists.
The presented work focused on one aspect of autonomy performance: autonomous
ground vehicle mobility. For a ground vehicle to succeed at its mission, it must be able to
traverse the environment in which it is to operate. Put broadly, this aspect of performance
is referred to as a ground vehicle’s mobility. Measuring mobility is critical to understanding the mission-level capabilities of ground vehicle platforms. Traditionally, mobility is
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measured used a standard set of unit tests as discussed in Chapter 1. However, as the
presented work shows, these traditional methods are often not applicable to autonomous
ground vehicles.
Since the 1970s, mobility modeling tools have played a critical role in understanding
the mission-level capabilities of ground vehicles. Mobility modeling tools are software
tools that take as input information about the ground vehicle and the environment and
output data as to where within the environment the vehicle can operate. Mobility modeling
tools support the end-to-end ground vehicle acquisition process. Developers leverage them
to understand ground vehicle performance in a mission setting, which in turn informs early
design choices. Requirements writers for new ground vehicle systems can use these tools
to understand what requirements are necessary for a ground vehicle to operate in a given
mission environment. Analyses performed using these tools also provides decision makers
critical information in the feld as to what vehicle is best suited to perform a given mission
on a given day.
Previous mobility modeling tools have relied on data from vehicle unit testing, and as
stated above this method of developing mobility modeling tools is not valid for autonomous
ground vehicles. The basic mechancial mobility of the vehicle hardware systems does not
fully capture autonomous performance. As autonomy for ground vehicles increases, the
sensor-environment interactions and autonomy algorithm outputs will also be a factor in
determining mobility. For the purposes of the presented work, this fact was captured by
defning two types of mobility: mechanical mobility and perceptive mobility. The combination of these two types of mobility can be thought of as autonomous mobility, and
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any mobility modeling tools used for modeling autonomous mobility must take both these
types of mobility into consideration.
Mobility modeling tools for evaluating autonomous mobility are sparse, and for autonomy to be felded for military ground vehicle operations, a comprehensive tool for
modeling autonomous mobility is necessary. As no such tools currently exists, this dissertation proposed a new mobility modeling tool for assessing autonomous mobility. This
modeling tool was the Reference Autonomous Mobility Model (RAMM). The RAMM
leverages cutting-edge modeling and simulation tools to build a mobility model that serves
as the mission-level mobility modeling tool currently lacking in the unmanned ground vehicle (UGV) community. In doing so, the RAMM flls the current analysis gap in the
autonomous vehicle acquisition cycle. The RAMM will serve as an integral part in the
design, development, testing and evaluation, and ultimate felding of autonomous UGVs
for military applications.

7.2

Summary of Work
M&S has enjoyed a wealth of success in both basic research and engineering appli-

cations. As models and simulation methods have been developed, methods of V&V have
been developed in kind, and these methods have been based on a solid theoretical background. Presented in Chapter 2 of this dissertation is a historical review of the theories and
formal methods of V&V developed to date.
Chapter 2 began from analytical and simulation models, and presented the earliest
methods of V&V for models and simulations, starting from simulation models. Devel179

oped from simulation models were computational models, and these new models required
new V&V methods. These V&V methods were built using the same general principles
developed in the past, with some changes being made to accommodate the nature of computational models. Moving forward in history, physics-based models were developed, and
with them new methods of V&V.
Chapter 2 concluded with an examination of the methods of V&V for simulations of
autonomous robots. This Chapter, through a review of the literature, showed that the question of V&V for simulations of autonomous robots remains unsolved. Therefore, this
Chapter concluded that new methods of V&V for simulations of autonomous UGVs were
necessary.
As stated in the Problem Statement, no doubt exists that autonomy is the future for
military ground vehicles. Advances in the enabling technologies for autonomous operations are becoming ever more rapid in development. The felding of autonomous ground
vehicles for “real world” applications has, to date, been limited, which begs the question:
what is the bottleneck in autonomy? One of the major problems currently faced by the
autonomous UGV community is the lack of understanding of the fundamental mobility
performance of these UGVs.
While testing data exists for small-scale autonomous operations, such as paved test
tracks or open stretches of highway, no real “operational” data for autonomous operations
have been collected. This lack of data leads to a double-edged sword: autonomy cannot be
felded without a better understanding of mobility, but understanding of mobility is limited
by the amount of data collected. Before autonomy can be leveraged for a given scenario,
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more data about how the UGV will perform in that scenario is required. This data can be
gleaned from modeling and simulation, so long as viable mobility modeling tools exist for
autonomy.
The heart of the issue is this: autonomy cannot be felded for large-scale, operationallevel applications until a method exists for predicting the mobility performance of the
autonomous UGV. Without such a tool, no methods exist for quickly predicting UGV performance in terms of key factors related to the environment. Without these performance
predictions, the entire autonomy life cycle, from development to felding, is hampered. The
lack of data and modeling tools results in a critical lack of understanding of “real-world”
performance of an autonomous UGV.
Presented in Chapter 3 was a historical perspective on mobility modeling for ground
vehicles. The format of this Chapter broke mobility modeling down into the two types
of mobility defned in the Problem Statement: mechanical mobility, the physical mobility
performance of the hardware platform, and autonomous mobility, the performance of the
autonomy algorithms’ perception of the environment. This historical review included a
limited introduction to several of the key tools available for mechanical mobility modeling,
and then went on to provide information on the limited tools and methods proposed to
date for modeling autonomous mobility. This overview of autonomous mobility modeling
brought to light the fact that research in this area is lacking and is also a critical need to
realize autonomous operations for UGVs.
The presented historical reviews revealed the primary outstanding problems for developing autonomous mobility tools: the lack of accurate sensor-environment characteriza181

tions for the entire spectrum of UGV operations (i.e. rain, snow, unmarked lanes, etc.) and
the lack of feld testing data to validate these characterizations. As Chapter 2 and Chapter 3 reveal, one of the most important tasks left open for autonomous mobility modeling
community is a means of validating new mobility models. Given that as of writing no
such formal method exists to perform this validation, Chapter 4 goes on to propose a V&V
framework for V&V of simulation of autonomous ground vehicles.
Presented in Chapter 4 was a brief overview of some of the more popular theories
and formal methods of V&V developed, along with an overview of the V&V theories and
methods for validating simulations of autonomous ground robots that have been proposed.
This overview, combined with the fndings of Chapters 2 and 3, brought to light the lack
of V&V methods for the complex simulation tools being used today that will ultimately
integrate into autonomous mobility modeling tools.
The glaring outstanding problem in the feld of V&V for models and simulations lies in
the lack of a theoretical framework for V&V of simulation environments for predicting the
behaviors of autonomous robotic systems. Despite this lack of validation, many simulation
tools have been developed for the design and development of autonomous robots. However,
very little trust has been placed in these simulation tools. A solid theory and method
for V&V of these simulation tools is necessary before M&S can be fully leveraged for
autonomous robotics applications.
To that end, Chapter 4 proposed a new framework for the V&V of simulations of autonomous robots. The framework is extended from the frmly established methods already
developed for V&V of simulation models found in Chapters 2 and 3. The new frame182

work proposes a layered approach to V&V, with validation and verifcation taking place at
several stages within the simulation environment. The proposed verifcation process was
built starting from the most basic components of an autonomous robot and ending with
full-scale validation testing
Chapter 4 concluded with the application of the new V&V approach to an example
autonomous ground robot navigation algorithm: stop sign detection using a color camera.
The camera model itself was validated, and then the detection algorithm outputs were used
to validate the camera model at a perception level. That is, the outputs of the stop sign
detection algorithm using real and simulated camera data were compared by quantitatively
comparing the algorithm’s performance in each case.
Chapters 2, 3, and 4 laid the groundwork for developing the RAMM, which was
presented in Chapter 5. Chapter 5 re-introduced the NATO Refernce Mobilty Model
(NRMM). Since the 1970s, the NRMM has been one of the primary vehicle modeling
tools in use by the military ground vehicle community. NRMM provides, via the methods
described in Chapter 5, important information on mission-level performance to both users
and developers. However, Chapter 5 showed that the NRMM cannot model the mobility
of autonomous ground vehicles. Recognizing the need for a new mobility modeling tool,
Chapter 5 introduced the RAMM.
Like the NRMM, the RAMM will be used to in to show developers the impacts of
design changes on mission performance and help mission planners understand the capabilities of an autonomous UGV. Chapter 5 showed that the main factors infuencing mission
performance are sensor and autonomy algorithm performance as a function of environ183

ment, and test cases involving camera and GPS sensor accuracy illustrated how the RAMM
can be used in both development and felding of autonomous UGVs. The presented examples were created using the Virtual Autonomous Navigation Environment (VANE), a
high-fdelity simulation tool for autonomous UGVs, and the Chapter detailed the VANE.
Autonomy algorithm performance was measured using the VANE, and this predicted sensor performance was used to defne the performance bounds of a UGV system.
This dissertation concluded with a study that explored the application of the RAMM
methodology to one mission in which traditional mobility modeling methods prove inadequate: route planning through urban areas for an autonomous ground vehicle. Using the
VANE, the impact of sensor outputs on autonomy capabilities was measured. Using the
measured capabilities, the RAMM was used to plan full-scale autonomous operations in
a dense urban environment. Specifcally, the RAMM was used to develop a novel route
planning algorithm for autonomous navigation through urban environments.
The VANE was used to measure sensor errors, as introduced in Chapter 5, but with the
addition of LIDAR and IMU sensors. Multiple approaches for incorporating these sensor
errors into the route planning algorithm were tested. The route planning algorithm was
used to highlight how the RAMM could be used for both design and development-showing
the impact of sensor choices on operational performance, and mission planning-showing
what routes are available to the UGV based on the chosen sensors.
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7.3

Contributions
This dissertation substantially furthered research in the feld of autonomy for unmanned

ground vehicle military applications. Moving into the future of UGVs, mobility will not be
defned only by physical hardware performance but also by sensor and autonomy algorithm
performance. This work introduced a solution to the combination of these two mobility
factors by creating the idea of “autonomous mobility.” Autonomous mobility creates a
holistic approach to understanding the mobility of autonomous UGVs. Measurement of
autonomous mobility will play a vital role in the design, development, and felding of
autonomous UGVs.
This dissertation provided a solution to the need presented in Chapters 1 and 3 for
an autonomous mobility modeling tool. This solution was a new framework for modeling
autonomous mobility: the RAMM. The RAMM framework was realized by leveraging and
enhancing the validated mobility modeling tools that came before, including the NRMM.
By combining traditional mobility modeling with high-fdelity simulations of sensors and
autonomy, the RAMM provides one of the key missing capabilities in the autonomous
UGV acquisition process.
Therefore, the major contributions of this dissertation can be enumerated as such:
1. A comprehensive review of V&V methods for models and simulations, including
simulations of autonomous robotic systems.
2. A comprehensive review of the extent mobility modeling tools for UGVs.
3. A novel framework, with application, for the V&V of models and simulations of
autonomous UGVs.
4. The RAMM, a new mobility modeling tool for assessing mission-scale performance
of autonomous UGVs as a function of platform hardware, sensors, algorithms, and
environment.
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5. An application of the RAMM by modeling the mobility of an autonomous UGV
operating in a dense urban environment, and the use of the modeled mobility to
develop mission planning tools.

7.4

For Further Research
This dissertation represents the development of the RAMM framework and a proof of

concept application of the RAMM. While the RAMM framework has been established,
much work remains to be done on the tools that are used within the RAMM. As of writing,
the RAMM is not a single piece of software but rather the integration of multiple modeling
and simulation tools, and the integration of these tools’ outputs has to be done “by hand.”
Therefore, two major research topics remain to be addressed: the development of the tools
used within the RAMM and the integration of these tools into a single piece of software.
The RAMM measures autonomous mobility by not only assessing mechanical mobility
using validated methods but also assessing sensor and autonomy performance. The tool
used in this dissertation for assessing sensor and autonomy performance was the VANE.
As of writing, the VANE is a research tool and is constantly receiving updates. To serve
as the backbone of the RAMM, the VANE must be updated to include more of the sensors
used by autonomous UGVs. Going forward with development of the RAMM, the VANE
must also be validated, using the framework presented in Chapter 4. Updates and validation
of the VANE represents the near-term research goals for further RAMM development.
Once a “release” version of VANE is available, the VANE, the NRMM, and UGV
autonomy algorithms must be integrated into a single tool. This integration will require
developing a common architecture for these tools and defning messaging between these
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tools’ inputs and outputs. Given that the RAMM is a new idea and the tools needed to
realize it are in early development, this integration represents the far-term research goals
for fnal RAMM delivery.
To ensure the RAMM fts the needs of the military UGV community, several research
task groups have also been established to propogate the RAMM throughout the analysis
community. These task groups include the NATO AVT-255: Unmanned Systems Mission
Performance Potential for Autonomous Operations. Additionally, a new working group
under the Military Operations Research Society (MORS) is being developed to distribute
the RAMM software to the mobility modeling community. Lastly, several conference appearances and tutorials of the RAMM are in preparation.
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