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Abstract

This dissertation presents a graph-based sensor fusion framework for the localization

of automated ground vehicles for leader-follower path duplication. A specific focus is given

to scenarios where the following distance between vehicles is high. Localization accuracy

is critical for any automated path following task. While high localization accuracy can be

achieved using GPS corrections or a priori maps, these resources are not available in certain

scenarios such as remote areas with limited infrastructure and a priori information. In this

dissertation, a novel method is proposed for solving this localization problem that does not

depend on built infrastructure or a priori information. A graph-based framework is used to

estimate the path taken by the lead vehicle using relative measurements of differential GPS

between vehicles, odometry from onboard sensor measurements, and exchanged landmark

observations.

The graph-based estimation framework developed in this dissertation allows for ad-hoc,

nonlinear measurements for estimating a near-optimal path solution. Each sensor input pro-

vides complementary benefits: differential GPS allows for centimeter-level accuracy, vehicle

odometry allows for spanning GPS outages and gaps in landmarks, and landmark observa-

tions bound path errors with respect to following distance. The findings of an observability

analysis are presented to show failure conditions for certain vehicle and landmark configura-

tions. A simulation study is developed and used to demonstrate the success of the proposed

method and characterize the estimator’s performance in a number of controlled scenarios.

The findings from the simulation study are validated with experimental data from a pair

of Class 8 tractor-trailers, each equipped with a GPS receiver, a multi-channel lidar, wheel

encoders, an inertial measurement unit, and a Dedicated Short Range Communications

(DSRC) radio.
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An overview is presented for each method used to generate the measurements used in

the graph-based estimator. This includes an overview and error characterization of Time

Differenced Carrier Phase (TDCP) and Dynamic-Base RTK (DRTK) used for precise odom-

etry and inter-vehicle relative positions, respectively. An odometry model is provided for

determining vehicle motion from wheel speed and yaw rate sensors. Additionally, two unique

approaches are presented for detecting road sign and pole-like objects from 3D point cloud

data for use as landmark observations.

Results show that the presented method improves performance when compared to ex-

isting methods in terms of both accuracy and availability. Compared to many existing

map-matching approaches, the presented approach requires a relatively small number of

landmarks (~11/km) to achieve the accuracy target regardless of GPS availability. Under

nominal conditions, the presented method is successful in meeting the estimation accuracy

required for path control with average lateral path position errors of 0.94 cm and path ori-

entation errors of 0.14°. It is also shown that the path errors remain bounded with respect

to following distance when a sufficient number of landmarks are present, allowing for large

gaps between vehicles.

iii



Acknowledgments

This dissertation would not be possible without the support of those who have been with

me along the way. I would like to thank my advisor, Dr. Bevly, for recognizing my potential

and providing me with the opportunity to further my education and professional experience

in such a fascinating field. I’m also grateful for the friends and colleagues in the GAVLAB;

together we found enjoyment in the hard work and shared challenges. In particular, I’d like

to acknowledge Scott Martin who served as a mentor throughout my doctoral pursuit.

I would also like to acknowledge FHWA, TARDEC, and FP Innovations for providing

the funding that made this work possible. I’m truly grateful for the opportunity to work on

state-of-the-art technology and to see my work in action on the trucks. I’d also like to thank

the drivers that helped with data collection on the trucks, especially James Johnson and all

the miles that we put down together.

Finally, I would like to thank my family and friends for their encouragement throughout

the process of writing this dissertation. I am especially grateful for my brother, Will, and

sister-in-law, Jackie, who have shown through example how to act as a leader and a Christian

in all aspects of life. I’d also like to acknowledge my parents who provided support and shelter

as I completed this chapter of my life. It’s truly a privilege to have such a strong network of

support and I am ever grateful.

iv



Table of Contents

Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ii

Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iv

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xiii

List of Abbreviations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xiv

1 Introduction and Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Design Considerations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.3 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.4 Prior Art . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.4.1 Short Distance Following . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.4.2 Long Distance Following . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.4.3 Landmark Navigation . . . . . . . . . . . . . . . . . . . . . . . . . . 14

1.5 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

1.6 Dissertation Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2 Relative Path Following . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.1 Coordinate Frames . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.1.1 Coordinate Frame Descriptions . . . . . . . . . . . . . . . . . . . . . 19

2.1.2 Coordinate Frame Transformations . . . . . . . . . . . . . . . . . . . 22

2.2 Path Variables and Notations . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.2.1 Vehicle Notations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.2.2 Path Waypoint Indexing . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.3 Path Following Control . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

v



2.3.1 Virtual Lead Following . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.3.2 Lateral Control Following . . . . . . . . . . . . . . . . . . . . . . . . 26

2.3.3 Model Predictive Control Following . . . . . . . . . . . . . . . . . . . 27

2.3.4 Path Variables Required for Path Following . . . . . . . . . . . . . . 28

2.4 Relative Path Generation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

2.4.1 Relative Path Generation Equations . . . . . . . . . . . . . . . . . . 30

2.4.2 Relative Path Generation Errors . . . . . . . . . . . . . . . . . . . . . 31

2.4.3 Limitations of Relative Path Generation . . . . . . . . . . . . . . . . 32

2.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3 Graph-Based Relative Path Estimation . . . . . . . . . . . . . . . . . . . . . . . 34

3.1 Estimation Framework Considerations . . . . . . . . . . . . . . . . . . . . . 35

3.2 Graph-Based Relative Path Estimation . . . . . . . . . . . . . . . . . . . . . 36

3.2.1 Graph Representations . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.2.2 Graph Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.2.3 Observability Considerations for the Linear Case . . . . . . . . . . . . 41

3.2.4 Path Length Determination . . . . . . . . . . . . . . . . . . . . . . . 42

3.3 Considerations for Computational Load . . . . . . . . . . . . . . . . . . . . . 43

3.3.1 Measurement Edge Topology Selection . . . . . . . . . . . . . . . . . 43

3.3.2 Graph Reduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.4 Relative Path Estimation Errors . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.5 Nonlinear Graph-Based Estimation . . . . . . . . . . . . . . . . . . . . . . . 48

3.6 Augmenting the Graph-Based Estimator for Landmark Observations . . . . 50

3.7 Measurement Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.7.1 Differential GPS Measurement Models . . . . . . . . . . . . . . . . . 52

3.7.2 Body-Centric Odometry Model . . . . . . . . . . . . . . . . . . . . . 54

3.7.3 Landmark Observation Model . . . . . . . . . . . . . . . . . . . . . . 55

3.8 Observability Considerations for the Nonlinear Case . . . . . . . . . . . . . . 56

vi



3.8.1 Case Study for Nonlinear Observability . . . . . . . . . . . . . . . . . 57

3.8.2 Observability Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . 59

3.9 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

4 Relative Path Estimation Front-End . . . . . . . . . . . . . . . . . . . . . . . . 62

4.1 Front-End Process Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

4.2 Differential GPS Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.2.1 GPS Observations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.2.2 Dynamic Base RTK . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.2.3 Time Differenced Carrier Phase Odometry . . . . . . . . . . . . . . . 70

4.2.4 Error Characterization . . . . . . . . . . . . . . . . . . . . . . . . . . 72

4.3 Body-Centric Odometry Using Onboard Sensors . . . . . . . . . . . . . . . . 73

4.3.1 Onboard Sensor Measurements . . . . . . . . . . . . . . . . . . . . . 74

4.3.2 Body-Centric Odometry Calculation . . . . . . . . . . . . . . . . . . 78

4.3.3 Error Characterization . . . . . . . . . . . . . . . . . . . . . . . . . . 83

4.4 Landmark Feature Extraction . . . . . . . . . . . . . . . . . . . . . . . . . . 85

4.4.1 Feature Extraction Overview . . . . . . . . . . . . . . . . . . . . . . . 85

4.4.2 Lidar Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

4.4.3 Point Cloud Pre-Processing . . . . . . . . . . . . . . . . . . . . . . . 88

4.4.4 Road Sign Feature Extraction . . . . . . . . . . . . . . . . . . . . . . 89

4.4.5 Pole Feature Extraction . . . . . . . . . . . . . . . . . . . . . . . . . 94

4.4.6 Error Characterization . . . . . . . . . . . . . . . . . . . . . . . . . . 101

4.4.7 Landmark Correspondence . . . . . . . . . . . . . . . . . . . . . . . . 102

4.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

5 Simulation Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

5.1 Simulation Environment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

5.1.1 Trajectory Generation . . . . . . . . . . . . . . . . . . . . . . . . . . 108

5.1.2 Measurement Simulation . . . . . . . . . . . . . . . . . . . . . . . . . 109

vii



5.2 Monte Carlo Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

5.3 Error as a Function of Following Distance . . . . . . . . . . . . . . . . . . . 113

5.4 Availability in the Presence of GPS Outages . . . . . . . . . . . . . . . . . . 120

5.5 Performance as a Function of Number of Landmarks . . . . . . . . . . . . . 122

5.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

6 Experimental Validation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

6.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

6.2 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

6.2.1 Highway Data Results . . . . . . . . . . . . . . . . . . . . . . . . . . 129

6.2.2 Track Data Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135

6.2.3 GPS Outage Test Results . . . . . . . . . . . . . . . . . . . . . . . . 140

6.2.4 Variable Following Distance Analysis . . . . . . . . . . . . . . . . . . 143

6.3 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

7 Conclusions and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147

7.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147

7.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152

Appendices . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

A Rotations and Coordinate Frames . . . . . . . . . . . . . . . . . . . . . . . . . . 160

B Least Squares Estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 162

C Least Squares Planar Fit . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 165

D Hough Transform Circle Fit . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 167

viii



List of Figures

2.1 Coordinate Frame Diagram . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.2 Vehicle-Level Reference Frames . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.3 Path Tangent Frame Diagram . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.4 Leader-Follower Path Diagram . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.5 Virtual Lead Following Diagram . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.6 Lateral Control Following Diagram . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.7 Model Predictive Control Following Diagram . . . . . . . . . . . . . . . . . . . 28

2.8 Relative Position Vector Observations . . . . . . . . . . . . . . . . . . . . . . . 30

3.1 Graph-Based Path Estimation: Cartesian Graph . . . . . . . . . . . . . . . . . 38

3.2 Graph-Based Path Estimation: Graphical Representation . . . . . . . . . . . . . 38

3.3 Impact of Number of RPV Measurements on Virtual Lead Position Error . . . . 44

3.4 Adjacency Matrices in RPV Removal and Graph Reduction Process . . . . . . . 45

3.5 Node Reduction Example . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.6 Graph-Based Estimation Example: Position Variance vs. Path Index . . . . . . 48

3.7 Graph-Based Path Estimation: Cartesian Graph With Landmark Nodes . . . . 51

ix



3.8 Graph-Based Path Estimation: Graphical Representation With Landmark Nodes 51

4.1 Relative Path Estimation Front-End Block Diagram . . . . . . . . . . . . . . . 63

4.2 DRTK Covariance Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

4.3 TDCP Covariance Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

4.4 Wheel Speed Error Distribution Before and After Radius Compensation . . . . 75

4.5 Yaw Rate Errors Due To Roll Angle With Planar Motion Assumption . . . . . 77

4.6 Four Tire Diagram [1] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

4.7 Body-Centric Odometry Errors vs. Time . . . . . . . . . . . . . . . . . . . . . . 84

4.8 Body-Centric Odometry Error Distributions . . . . . . . . . . . . . . . . . . . . 84

4.9 Point Cloud Data of a Cylindrical Landmark Environment . . . . . . . . . . . . 86

4.10 Raw Point Cloud of Road Sign Points in RViz [2] and Corresponding Image . . 90

4.11 Road Sign Landmark Line Fit Example . . . . . . . . . . . . . . . . . . . . . . 91

4.12 Pole Detection in Dense Point Cloud in RViz [2] . . . . . . . . . . . . . . . . . . 95

4.13 PCA Hough Transform Circle Fit Example . . . . . . . . . . . . . . . . . . . . . 99

4.14 Sign Landmark Measurement Covariance Analysis . . . . . . . . . . . . . . . . . 102

5.1 Example of a Simulated Randomized Trajectory . . . . . . . . . . . . . . . . . . 109

5.2 Monte Carlo Evaluation: Path Waypoint Position Errors . . . . . . . . . . . . . 112

5.3 Lateral Position Errors vs. Following Distance . . . . . . . . . . . . . . . . . . . 114

x



5.4 Lateral Position Error vs. Following Distance With Degraded GPS Odometry . 116

5.5 Lateral Position Error vs. Following Distance With Degraded Inter-Vehicle RPV 118

5.6 Lateral Position Error vs. Following Distance With Degraded Landmarks . . . . 120

5.7 Cartesian Graph View with GPS Outage . . . . . . . . . . . . . . . . . . . . . . 121

5.8 Monte Carlo Evaluation: Path Waypoint Position Errors in GPS Outage Scenario 122

5.9 Landmark-Only Fusion Path Deviation Errors vs. Landmark Density . . . . . . 123

6.1 Tractor-Trailers on Logging Roads . . . . . . . . . . . . . . . . . . . . . . . . . 127

6.2 VLP-16 Lidar Mounted to Hood of Peterbilt Cab . . . . . . . . . . . . . . . . . 128

6.3 Highway Test: Satellite View of Trajectory and Landmark Positions . . . . . . . 130

6.4 Highway Test: Landmark and DRTK Availability . . . . . . . . . . . . . . . . . 131

6.5 Highway Test: Full Fusion Lateral Path Position Estimate . . . . . . . . . . . . 132

6.6 Highway Test: Full Fusion Path Yaw Estimate . . . . . . . . . . . . . . . . . . . 132

6.7 Highway Test: Lateral Path Position Estimates and Availability Comparison . . 133

6.8 Highway Test: Path Yaw Estimates and Availability Comparison . . . . . . . . 134

6.9 NCAT Track Test: Satellite View of Trajectory and Landmark Positions . . . . 135

6.10 Cab View of Lidar and Road Signs at NCAT Test Track . . . . . . . . . . . . . 136

6.11 NCAT Track Test: Full Fusion Path Deviation Errors . . . . . . . . . . . . . . . 137

6.12 NCAT Track Test: Lateral Path Position Error Comparison . . . . . . . . . . . 138

xi



6.13 NCAT Track Test: Path Yaw Error Comparison . . . . . . . . . . . . . . . . . . 139

6.14 GPS Outage Test: Trajectory and GPS Outage Region . . . . . . . . . . . . . . 140

6.15 GPS Outage Test: Lateral Path Position Error Comparison . . . . . . . . . . . 141

6.16 GPS Outage Test: Path Yaw Error Comparison . . . . . . . . . . . . . . . . . . 142

6.17 Lateral Path Position Errors for Varying Following Distance . . . . . . . . . . . 144

xii



List of Tables

5.1 Measurement Sets by Path Solution Type . . . . . . . . . . . . . . . . . . . . . 107

5.2 Simulation Parameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

xiii



List of Abbreviations

AGR Autonomous Ground Resupply

CACC Cooperative Adaptive Cruise Control

CAN Controller Area Network

CCDC Combat Capabilities Development Command

DoF Degrees of Freedom

DOT Department of Transportation

DRTK Dynamic-Base Real Time Kinematic

DSRC Dedicated Short Range Communications

EKF Extended Kalman Filter

FHWA Federal Highway Administration

GNSS Global Navigation Satellite System

GPS Global Positioning System

GVSC Ground Vehicle Systems Center

ICP Iterative Closest Point

ILF Immediate Lead Following

IMU Inertial Measurement Unit

INS Inertial Navigation System

xiv



LIDAR Light Detection and Ranging

LoS Line-of-Sight

MPC Model Predictive Control

ODD Operational Design Domain

PCA Principal Component Analysis

RADAR Radio Detection And Ranging

RANSAC Random Sample Consensus

RMS Root Mean Square

RPG Relative Pose Graph

RPV Relative Position Vector

RTK Real-Time Kinematic

SLAM Simultaneous Localization and Mapping

TARDEC Tank Automotive Research, Development and Engineering Center

TDCP Time Differenced Carrier Phase

ULF Ultimate Lead Following

UTM Universal Transverse Mercator

UWB Ultra-Wideband

xv



Chapter 1

Introduction and Background

1.1 Motivation

Increased autonomy in ground vehicles has many advantages in terms of safety, efficiency,

and rider comfort. These advantages are especially realizable in convoy networks in which

multiple vehicles act cooperatively to achieve a common goal. In the case of a leader-follower,

platoon-based approach, the goal is to lower fuel consumption; vehicles are situated nose-

to-tail in order to reduce air drag. Experimental studies at Auburn University have shown

combined fuel savings of 6 % to 8 % for Class 8 trucks in highway conditions [5].

Perhaps the most important advantage of autonomous convoys is the potential to reduce

highway related incidents. In 2019, 36,096 people died in a motor vehicle crash [6]. The

economic impact of motor vehicle crashes was estimated to be $242 billion dollars in 2010 [6].

Truck drivers are often driving 10 hours on a given shift and become fatigued over time,

increasing the risk of an accident. A computerized driving system, however, will not become

drowsy from long hours or distracted from the task at hand. Autonomous driving systems

have the potential to reduce the mental energy required of the human operator, leading to

safer driving conditions.

From a military standpoint, autonomous convoys are desirable for both operation flex-

ibility and safety. The U.S. Army Combat Capabilities Development Command’s (CCDC)

Ground Vehicle Systems Center (GVSC), formerly the Tank Automotive Research, Devel-

opment and Engineering Center (TARDEC), has been investigating technologies in the field

of autonomous path following. The group has investigated methods for reducing the number

of soldiers required for ground resupply through the Autonomous Ground Resupply (AGR)

program [7]. Resupply missions are vulnerable to attack and can be a strategic target for
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military adversaries [8]. The soldiers tasked with manning an autonomous following sys-

tem will have better situational awareness without the distraction of operating the vehicle.

Autonomous following can be highly accurate compared to a human driver and a reduced

footprint lowers the odds of any one vehicle triggering an IED or encountering other road-side

obstacles.

Autonomous convoys have the potential to transform the transportation sector in the

not-so-distant future. Much of the progress made in recent years has focused on partially

autonomous applications in which a human driver commands the front-most vehicle. With

a human in the loop, many of the complex problems in decision making (ethically and

otherwise) are addressed. By framing the problem in this way, the proposed solutions are

somewhat familiar to the public, making it easy to answer questions regarding legislation

and liability. The scenario where one or more vehicles act to recreate the path of a leading

vehicle is referred to as a leader-follower convoy.

There are two main frameworks that can be used to accomplish path following in a

leader-follower convoy: 1) Ultimate Lead Following (ULF) and 2) Immediate Lead Follow-

ing (ILF). For the ILF framework, each vehicle in the convoy acts to follow the vehicle that

immediately precedes them in the convoy. ILF is convenient for ad-hoc networks, where

vehicles join and exit the convoy freely, and for dynamic environments in which path ob-

structions could appear at any moment. If each follower was able to perfectly follow its

immediate lead, then the overall convoy goal would be satisfied. However, each additional

link is subject to errors from both estimation and control that accumulate down the line and

potentially cause instability [9]. This problem is referred to as string stability in which the

response of the entire convoy network is considered.

Alternatively, in the ULF framework, each vehicle references the path taken by the front-

most vehicle in the convoy. The string stability problem is not an issue for the ULF framework

since errors are not accumulated through vehicle pairs. However, from an implementation

standpoint, there are other challenges involved with ULF. In some cases, especially for
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larger convoys, communications can be an issue due to radio range or bandwidth limitations.

Another challenge in ULF is one of estimating the leader’s path, which is the focus of this

dissertation. The benefits of ULF provide motivation for studying path following with large

separation distances; as the number of vehicles in a convoy increases, so does the following

distance of the last vehicle. Large separation between vehicles may also be desired from an

operational standpoint (e.g., to reduce the collateral damage if one of the vehicles in the

convoy is compromised).

1.2 Design Considerations

An autonomous convoy system should be flexible to operate in various environments.

Because of this, the system should not rely exclusively on an existing infrastructure. For

example, one solution to path duplication is for each vehicle to track lane markings (using

computer vision) and to control to the center of the lane, thereby duplicating the path of

the first vehicle. However, lane marking detection can be unreliable due to environmental

conditions or completely unavailable in off-road or rural scenarios. Another common solution

for path duplication is absolute waypoint following where the lead vehicle drops “bread

crumbs” for the following vehicles to reference. While it is possible to achieve centimeter

level accuracy with differential GPS techniques, this requires a fixed base station to broadcast

corrections to the remote vehicles. Base stations may not always be available, for example

in cross-country platooning operations through remote areas with limited LTE connectivity,

or in military applications where such critical infrastructure could be compromised.

The work presented in this dissertation aims to determine a localization solution for

path following that does not rely on built infrastructure such as base stations or mapped

landmark databases. In this way, none the measurements used in determining the path of

the lead vehicle are absolute (i.e., no measurements of the vehicle’s absolute position and no

maps of absolute landmark positions are used). Therefore, the problem can be referred to
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as a relative path estimation problem where the path solution is relative to the position of

the following vehicle.

1.3 Problem Statement

The presented work focuses on estimating the relative path of a lead vehicle. The ULF

strategy is chosen as the framework for path following in multi-vehicle convoys so that the

problem of string stability is avoided. The presented solution considers only the estimation

performance of a single vehicle pair and the performance can be applied to any vehicle pair

in a ULF framework. The solution should accommodate for any number of vehicles in a

ULF network and therefore the path estimation errors should be bounded with respect to

increasing following distance as the number of vehicles in the network grows.

The solution to the relative path estimation problem should provide continuous avail-

ability. A system with perfect availability means that a path solution (from which a control

reference can be calculated) is available throughout the mission. For example, a system

that relies solely on GPS and/or radio communication could have compromised availability

in the event of signal jamming or obstructions. Similarly, systems that require line-of-sight

(LoS) to the lead vehicle would have poor availability in dense forest environments or when

navigating around buildings.

Additionally, the solution to the path estimation problem should satisfy accuracy re-

quirements sufficient for autonomous path following control. The accuracy requirements

depend on the designated Operational Design Domain (ODD) [10]. The ODD may include

highway applications where the vehicle is expected to stay within lane markers or logger

roads in forestry applications that are bound by the tree line or runoff drains at the road’s

shoulder. The accuracy requirement is therefore a function of the lane width and vehicle

dimensions. The estimation accuracy requirements in this dissertation were chosen to allow

for safe lateral control of a Class 8 tractor trailer to stay within lane lines of a highway de-

fined by US road geometry standards. Following the results of the study conducted in [10],
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estimation accuracy requirements were determined to be 7 cm for the lateral position esti-

mate and 0.25° for the yaw angle estimate, both in terms of 67th percentile error. These

values will stand as design criteria and allow for an evaluation of the proposed localization

solution in meeting these accuracy requirements.

To accomplish the problem of path estimation as described above, it is assumed that

each vehicle can make the observations as described in this paragraph. This includes mea-

surements of the relative position vector (RPV) from the following vehicle to the lead vehicle,

resolved in a global frame. Also, each vehicle can measure the change in position over time,

resolved in a global frame. These two measurements are referred to in this dissertation as

inter-vehicle RPV and GPS odometry, respectively, and experimental results will be shown

where these values are measured using differential GPS techniques. Each vehicle is also

capable of measuring ego-motion (change in position and orientation over time), referred

to as body-centric odometry. For the particular application, results will be shown for a

body-centric odometry model that uses wheel speeds and yaw rates as measured by onboard

sensors. Lastly, each vehicle is able to make observations of landmarks in the environment

(measured as the relative position and orientation of a landmark, resolved in the sensor

frame). The particular application shown in the experimental results uses landmarks ob-

served by a multi-channel lidar mounted rigidly on the vehicle’s chassis.

1.4 Prior Art

This section provides an overview of the various methods existing in the literature

for accomplishing autonomous following with consideration to the challenges described in

the preceding sections. The prior art is first presented in two main categories based on

their respective design objectives: short distance and long distance following. Within these

two categories, there are two predominant forms of path estimation: some that rely on

body-centric measurements and others that rely primarily on GPS-based measurements.

The summary of short and long distance following prior art is followed by an overview of
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landmark navigation which is a heavily researched field warranting its own section. Each of

the presented literature sought to satisfy the given mission objectives and, therefore, have

their own benefits and limitations. The review in this section will relate these limitations to

the problem at hand in order to motivate the contributions that follow.

1.4.1 Short Distance Following

A summary of the prior literature on short distance following is provided in this section.

Short distance following approaches are common for single vehicle pairs and for Immediate

Lead Following where vehicles are separated by less than a few car lengths. In this scenario,

steering the following vehicle directly towards the lead will effectively duplicate the leader’s

path with an acceptable level of lateral path error. This approach is also known as the

Virtual Trailer Link Model [11]. The control law for the Virtual Trailer Link Model acts

to drive the relative bearing between the follower and the leader to zero. The bearing can

be calculated given the Relative Position Vector (RPV) between the leader and follower,

resolved in the body frame of the following vehicle.

Body-Centric Relative Positioning

When vehicles are close together, there is an increased possibility for making line-of-sight

(LoS) observations of the lead vehicle using perception-based sensors such as cameras, lidars,

and radar [12, 13]. A clear LoS between vehicles also allows for time-of-flight ranging with

Ultra-Wideband (UWB) radios [14] or even by a physical tethering device that measures

range and angle [15]. The measurements provided by these sensors are resolved in the body

frame of the vehicle, which is ideal for calculating the control references used in short distance

following [16].

Radars are increasingly common on ground vehicles and can handle much of the overhead

involved in tracking the lead vehicle. One of the measurements provided by a radar track

is azimuth angle, which could be used directly as feedback for the Virtual Trailer Link
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Model [11]. The relative position of the lead vehicle is attained by combining the range and

angle associated with the radar measurement (referred to as a “track”). Radars typically

provide tracks of multiple objects in the field of view and because of this, the correspondence

problem must be solved to associate the correct track with the lead vehicle [17].

Lidars also have the potential to observe the inter-vehicle RPV, but require some addi-

tional preprocessing. Lidars calculate time-of-flight range measurements of light waves that

are reflected from the environment. Each range measurement is associated with a particular

azimuth and elevation angle. In effect, the lidar provides a dense cloud of cartesian points

of the surrounding environment, also known as a point cloud. Given a point cloud, object

recognition strategies are employed to detect the lead vehicle and extract the associated

relative position vector [18].

Monocular cameras have also been used for short distance following [19]. The lead

vehicle is extracted from a given image using image processing techniques [17]. Some image

processing techniques require a fiducial marker on the lead vehicle [20], which helps with

target correspondence, while others leverage artificial intelligence approaches [21]. Monocular

cameras lack the ability to directly observe depth in an image and so the body frame RPV

measurement does not have scale/magnitude. However, the relative bearing measurement is

directly observable from an image and is proportional to the horizontal pixel location in an

image [22].

Perception-based relative positioning methods do not rely on a communication link

with the lead vehicle which can be advantageous in certain scenarios. These sensors can be

leveraged in the event of lost inter-vehicle communications and/or degraded GPS reception.

However, perception-based methods often suffer from poor availability. The availability

is diminished by the LoS requirement and also the dependence on environmental factors

such as lighting, reflectivity, and weather [12]. Perception-based methods are less reliable

because they depend on the recognition and correspondence of the lead vehicle. A false
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correspondence could result in following the wrong vehicle or discontinuities in the control

reference.

A body-frame RPV measurement can also be made using an array of Ultra-Wideband

(UWB) radios mounted to each vehicle in a leader-follower pair. UWB radios are increas-

ingly common for relative positioning tasks and have been included in the autonomy kit

of TARDEC’s AGR program [7]. UWB radios use round-trip delay to precisely measure

range between radio pairs with centimeter level accuracy. As opposed to perception-based

methods, UWB radios do not require object recognition/correspondence and also have the

ability to range in certain non-LoS conditions [12].

A single UWB radio pair can observe the scalar distance between vehicles, which is

only useful for longitudinal convoy control and not full autonomous following. With two

radios on the following vehicle and a single radio on the lead vehicle, the inter-vehicle RPV

can be calculated [14]. With two radios on each vehicle, the inter-vehicle RPV along with

a relative orientation can be calculated. The accuracy of the resulting measurements are

highly dependent on the geometry of the radios.

In [23], a model that relates the motion of the two vehicles is used to overcome the

limitations due to poor geometry of UWB radios. The range measurements from UWB are

fused with constraints from a kinematic bicycle model using an Extended Kalman Filter

(EKF). The EKF inherently accounts for the system geometry and provides complementary

estimates of relative position and orientation.

Like the other approaches to relative positioning mentioned in this section, the method

presented in [23] will suffer from cut corners and LoS issues when used for autonomous path

following. Section 1.4.2 will show how the relative positioning methods mentioned in this

section can be used to extend following distance through path estimation. However, these

adaptations suffer from odometry drift, especially at large following distances.
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GPS-Based Relative Positioning

The relative position information used for short-distance following can also be calculated

from a GPS solution. The information from the lead vehicle’s GPS receiver is communicated

to the following vehicle using a wireless communication line either directly or relayed through

some ground-based infrastructure [12].

The simplest way to calculate the RPV between vehicles is to difference the stand-alone

GPS positions. GPS signals suffer from atmospheric effects, which can result in poor posi-

tioning accuracy (around 3 meters of error). However, the atmospheric effects are spatially

correlated and the differenced positions are accurate to within a meter [25]. This level of

accuracy is acceptable for many applications, but to achieve centimeter level accuracy in

positions, differential GPS techniques can be used. A technique known as Real-Time Kine-

matic (RTK) positioning uses a local base station to perform differential GPS for centimeter

level measurements of absolute position. The drawback to RTK is the required base station

infrastructure, which must be within a 20 km radius of the vehicles [12]. The infrastructure

requirement is not ideal for long distance transports or for convoys operating in hostile ter-

ritory. The same principles of RTK can be applied between vehicles in an approach called

Dynamic-Base RTK (DRTK) [25,26]. The result is an RPV between vehicles that is accurate

to within centimeters.

Relative positions from a GPS solution are resolved in a global frame (e.g., difference

in North-East-Down positions of the vehicle). These GPS-based relative positions must be

rotated into the body frame of the follower to calculate control commands. A common source

of heading estimate is from GPS/INS or a dual-antenna system [27].

1.4.2 Long Distance Following

As described earlier in this chapter, certain scenarios call for relatively large spacing

between the lead and following vehicle. The short distance approaches described in the

previous section are not suitable for long distances as they tend to cut the corners of the
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leader’s path [11]. Long distance following is inherently more challenging than short distance

following and this section presents existing approaches for accomplishing this goal.

Long distance following is made possible by estimating the trajectory, or path, taken

by the lead vehicle, which is typically represented by a set of waypoint positions. Given a

set of path waypoints, the following vehicle attempts to duplicate the path. The control

strategies used for short distances can be adopted for path duplication. From the set of path

waypoints, a “virtual lead vehicle” is declared at some location ahead of the follower on the

path and the follower acts to pursue this virtual lead [28].

Other path following control strategies exist that directly reference the follower’s lateral

path deviation. One approach is based on classical control with cascading feedback loops for

lateral path position and path heading error [9]. In steady state conditions, this approach

can drive the lateral path error to zero. However, because this approach only considers

the current state in time, transient errors due to changing path curvature will degrade the

solution. Alternatively, a Model Predictive Control (MPC) method can mitigate transient

errors by predicting future states over a range of possible control inputs. The cost function,

formed by the prediction’s path deviation, is minimized with respect to the control input [29].

The path following accuracy of the MPC comes at the cost of the increased computational

demand in minimizing the cost function. However, even for a simple cost function and

motion model, the improvements can be significant. Regardless of the control strategy used,

the prerequisite is a set of path waypoints relative to the following vehicle and resolved in

the follower frame. The methods used in generating this reference path are described in the

following sections.

Absolute Path Generation

Absolute path generation is perhaps the most intuitive approach for the path duplication

problem. In this scenario, both vehicles can measure their position in a common coordinate

frame (e.g., a Universal Transverse Mercator coordinate system). The positions of the lead
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vehicle are saved as it travels and a path is formed for the follower to reference. Because

the path is resolved in an absolute frame, a measurement of the following vehicle heading

is needed to rotate the path into the follower frame, which is then used to calculate control

commands.

Absolute position measurements are most often measured using GPS. A path formed us-

ing standalone GPS position accuracy may not be sufficient in the path duplication scenario;

the positions could change significantly in time as satellites come in and out of view [25].

These position jumps will result in spikes in the path, which could potentially drive the fol-

lowing vehicle to travel into undesired terrain. When base station infrastructure is available,

RTK positioning should instead be used for absolute path following. However, as mentioned

before, the infrastructure requirement is undesirable for certain applications.

GPS-Based Relative Path Generation

In many cases, accurate absolute position information is not available, but the relative

positions between vehicles is well known. Path generation is still possible with relative

position measurements by making use of vehicle odometry. Odometry is a measure of the

change in position and orientation and can be provided by sensors such as wheel encoders [30],

inertial devices [27], visual structure-from-motion [31], etc.

The precision of RPV measurements from DRTK have been used for path generation by

Travis [25] and expanded on by Martin [26]. The source of odometry in Travis and Martin’s

work comes from Time Differenced Carrier Phase (TDCP). The TDCP algorithm estimates

the change in antenna position from one time step to the next, represented as 3-dimensional

RPV, and is capable of achieving millimeter-level accuracy. As its name suggests, the TDCP

solution works by differencing carrier phase measurements thereby removing common-mode

errors. The odometry measurement from TDCP is resolved in the global frame, as is the

RPV measurement from DRTK. The DRTK and TDCP observations are combined with
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vector math calculations to form the path relative to the follower. The path is rotated into

the follower frame using an external heading estimate for calculating the control reference.

Essentially, the following vehicle is dead reckoned over a certain number of epochs, de-

pending on the spacing between vehicles. As for any dead reckoning solution, the localization

uncertainty grows with each epoch due to the accumulation of noisy measurements. There-

fore, the path uncertainty is unbounded with respect to increasing following distance. This

is not a major concern in most situations since the uncertainty from TDCP grows linearly

and at a relatively low rate. Therefore, in ideal scenarios, the DRTK/TDCP method of path

generation can be used for very long following distances (less than 0.1 m of error at 500 m

distance, traveling at 20 m/s) [25]. To put this value in context, most RF communication

methods are limited to a maximum range of about one kilometer [12].

The accuracy requirement for DRTK/TDCP method is sufficient for lane-level accu-

racy, however, the availability could be compromised due to the strict dependence on GPS

and inter-vehicle communications. Periods of DRTK outages result in gaps in the relative

path. TDCP outages cause the path to be lost completely. There is also the potential for

faulty DRTK and TDCP measurements due to incorrect integer ambiguity resolution, mul-

tipath, etc. Faulty DRTK measurements will cause spikes in the path, while a faulty TDCP

measurement will bias the path.

To enhance the availability and reliability of this method, Travis and Martin presented

a method of closely coupling the DRTK and TDCP algorithms with measurements from

an inertial measurement unit (IMU). By coupling the algorithms with IMU measurements,

the solution can bridge gaps due to GPS outages [25, 26]. However, a full 6-DoF IMU is

not commonly available on most production vehicles. Additionally, the solution will still

suffer from unbounded error growth with respect to following distance. In periods of GPS

outages, this error growth will be exponential due to the double integration of accelerations

and the influence of orientation errors on position [32]. The contributions presented in this
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dissertation instead seek to address the issue of GPS outages and unbounded error growth

by exchanging landmark observations between vehicles.

Body-Centric Relative Path Generation

The body frame RPV measurements from perception-based sensors and UWB radios

can also be used for path duplication when combined with odometry of the follower [33,34].

The follower vehicle odometry from visual structure-from-motion [33], vehicle model [34], or

otherwise is dead reckoned to generate the relative path.

In many cases, the accuracy of follower frame RPV measurements is relatively poor and

the resulting path can be noisy. There are many ways of dealing with the noisy path to

allow for a smooth controller response. One approach is to design the control law to act as

a low pass filter and smooth out the closed loop response [35]. However, this may restrict

the freedom in designing the controller. For example, in the case of a UWB RPV path, the

control smoothing approach does not consider the geometry used to form the measurement.

Another method to handle the noisy path is to fit the path with a curve model such as a

smoothing b-spline [34] or clothoid fit [36]. A curve fit is beneficial because it will bridge the

gap between measurement outages with a reasonably shaped curve. The curve fitting process

may also incorporate fault rejections with Random Sample Consensus (RANSAC) [37] or

other robust regression techniques [38]. However, the curve fit process does not consider the

model used to form the measurements or the model that describes the leader’s motion.

Other methods address the problem with Bayesian estimation schemes such as an Ex-

tended Kalman Filter [33] or Particle Filter [39]. These methods include a model of the

measurements used to form the path (e.g., the geometry used to calculate the RPV from

UWB radios). A motion model of the lead vehicle can also be taken into account by this ap-

proach. When measurements of lead vehicle odometry are available, this information is used

in the prediction step of the estimator. This method was employed in [26] by augmenting
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the DRTK relative positioning method with IMU measurements from both the leader and

follower vehicle.

Even when the lead vehicle odometry is unavailable, some knowledge of the model can be

used to improve the solution. Certain motion constraints of the leader can be imposed, such

as non-holonomic, constant velocity, constant rotation rate, as used in [23]. The Bayesian

estimation scheme also allows for probabilistic fault rejection at the measurement level and

also bridges small gaps in measurement outages in the prediction phase. However, bridging

larger gaps of measurement outages proves to be more challenging, especially when the

motion of the leader is not well known.

When follower frame odometry methods are used (e.g., INS, vehicle model, visual odom-

etry), the dead reckoning position uncertainty is now influenced by heading errors and the

uncertainty grows exponentially [40]. Most odometry sources of this kind have relatively low

accuracy (compared to TDCP) which limits the maximum achievable following distance.

1.4.3 Landmark Navigation

Existing literature has used landmark navigation for mitigating the error growth in-

volved in dead reckoning. Landmark navigation is the basis of most navigation strategies

in the natural world [44]. The intuitive nature of this approach makes landmark navigation

attractive in many applications.

Landmarks can be observed using a variety of sensors. Some examples of landmark

observations include bearing from a camera, relative positions from radar/lidar, or range

measurements to a fixed beacon. There is plenty of freedom as to what can be considered a

landmark, but ideally the landmark should be easily detected and uniquely described. The

process of detecting and describing landmarks from raw images or point clouds is referred to

as feature extraction [45]. Some common examples of landmarks include trees, light posts,

fiducial markers, etc.
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In some cases, the absolute positions of the landmarks are known and absolute position

estimates can be made from the landmark observations, effectively bounding position error

[46]. When landmark positions are not known, they can be estimated in a process referred

to as Simultaneous Localization and Mapping (SLAM). SLAM has been proven to bound

positional error growth when making loop closure (repeated observation of a scene) [47].

Collaborative SLAM approaches have also been considered in the literature, where multiple

mobile platforms make observations of the same environment. When two vehicles observe the

same scene with a sufficient number of landmarks, their relative positions become observable

[48, 49]. This dissertation builds off the concepts of collaborative SLAM and applies them

to the leader-follower path estimation problem.

The principles of landmark navigation have been applied to the long distance leader-

follower problem to bound path errors with respect to following distance. In [31], the au-

thors use features extracted from a monocular camera as landmark observations. From this,

correspondence was made between the scene captured by the lead (a human with a helmet-

mounted camera) and that of the follower (a differential drive robot with a 360° camera).

The registration process in [31] requires many features (100–200 per frame) for sufficient

accuracy and may experience diminished performance in certain sparse environments (e.g.,

snow conditions or desert environment). Comparatively, the method proposed in this dis-

sertation leverages the accuracy of differential GPS observations and requires only a few

landmarks to bound the errors at large following distances.

In [50], the author adapted the DRTK/TDCP path generation approach to include

opportunistic landmark observations from lidar sensors on each vehicle. Because of the

accuracy in TDCP and DRTK, relatively few landmark correspondences were needed for

bounding path errors. Because of this, the solution could be applied in sparse environments

or to use only the most distinguishable features in an environment. The work presented

in [50] shows that the landmark observations alone could be used for estimating the relative

path, enhancing the solution availability. The work presented in this dissertation expands
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on this approach with a thorough evaluation and an in-depth study of the observability

conditions.

1.5 Contributions

The work presented in this dissertation expands on the odometry based path dupli-

cation method described in [25, 26] by incorporating landmark registration and exchange

between vehicles. The landmark observations effectively bound the error that would oth-

erwise accumulate in long distance following scenarios. Additionally, the use of differential

GPS measurements allows for sufficient path accuracy to be attained with a relatively low

number of landmarks compared to common map-matching techniques.

A graph-based estimation framework is presented as the method for estimating the

relative path. A theoretical and empirical study of the error propagation of the path estimate

is presented. The study uses observability analysis to characterize the solution’s availability

in certain conditions. Additionally, a Monte Carlo evaluation is used to verify the state

estimate uncertainty reported by the path estimator.

The proposed method for relative path estimation is demonstrated with experimental

data. This application consists of differential GPS observations of odometry and inter-vehicle

RPV using the outputs of TDCP and DRTK algorithms, respectively. The body-centric

odometry measurements used in the experimental results are calculated from wheel speed

and yaw rate sensors. Additionally, a multi-channel lidar provides landmark observations in

this application. The landmarks are detected from dense lidar point clouds using a unique

feature extraction process.

In summary, this dissertation provides the following contributions:

• A study of the error propagation in existing relative path estimation solutions.

16



• The introduction of a novel localization approach for relative path following of non-

homogeneous networks with large following distances using differential GPS, vehicle

odometry, and landmark observations.

• An analysis of the observability conditions of the proposed localization approach.

• A statistical analysis of the proposed algorithm compared to existing solutions using a

controlled simulation environment that is verified using experimental data.

1.6 Dissertation Overview

The dissertation is structured as follows. Chapter 2 provides background information

for path following by presenting the relevant coordinate frames and nomenclature as well as

detailing the path generation and path following control techniques mentioned in Section 1.4.

This chapter also describes the error characteristics of relative path generation and further

motivates the multi-sensor fusion approach that follows. Next, Chapter 3 details the graph-

based path estimation approach that was developed for this dissertation. Chapter 4 describes

the front-end of relative path estimation, which takes raw sensor data and produces the

observations used in the estimator. This includes an in-depth description of the differential

GPS algorithms used, the process of turning wheel speeds and rotation rates into vehicle

odometry, and the landmark feature extraction process that operates on lidar point cloud

data. A simulation study is provided in Chapter 5 that characterizes the statistical behavior

of the presented path estimation approach for various controlled scenarios. Experimental

data is used to validate the findings of the simulation study. The experimental setup and

results are given in Chapter 6. Conclusions and considerations for future work are provided

in the final chapter.
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Chapter 2

Relative Path Following

This chapter introduces the concepts involved in the process of relative path following.

This chapter will serve as a reference for the work that follows by introducing the relevant

coordinate frames, nomenclature, and variables used in path following. Also, a high-level

description of certain path following control strategies is provided for specifying the outputs

required by a path estimation approach. Lastly, this chapter provides a derivation of ex-

isting path generation approaches for characterizing their shortcomings and motivating the

contributions that follow.

The chapter is structured as follows. Section 2.1 introduces the relevant coordinate

frames along with the equations used to transform positions and orientations between frames.

Section 2.2 follows with a description of the nomenclature, notations and variables used

in the process of path estimation and control. Next, Section 2.3 describes three common

path duplication control strategies and equations for calculating the path variables used as

controller feedback. Section 2.4 details the process of relative path generation as presented

in [25,26] that serve as the basis for the contributions of this dissertation. Section 2.4 provides

the equations of relative path generation used to calculate path waypoint positions and their

associated covariance. From these equations, the error characteristics and other limitations

of relative path generation are highlighted for motivating a sensor fusion approach as is

presented in the chapters that follow.
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2.1 Coordinate Frames

2.1.1 Coordinate Frame Descriptions

This section describes the coordinate frames involved in path following. For brevity, the

frames are described and illustrated in two-dimensions. First, the navigation frame (n) is

introduced, which is the fixed frame of reference. For the work presented in this dissertation,

the navigation frame is aligned with the North and East directions as shown in Figure 2.1.

The navigation frame’s origin is fixed to the earth at some location in the vicinity of the

convoy vehicles. In some cases, the UTM coordinate system is used to define a standardized

origin. However, since the path following approaches described here are relative in nature,

the origin is arbitrary.

Figure 2.1: Coordinate Frame Diagram

Next, the body frame (b) is defined as the coordinate frame attached to a vehicle. The

origin of the body frame is located at the vehicle’s control point, which is often chosen to

be at the vehicle’s center of gravity or the center of the front or rear axle. The x-axis of the

body frame points in the vehicle’s forward direction and the y-axis points out the passenger

side. The heading angle (ψ) is the angle from the North axis (N̂) to the body frame’s x-axis

as shown in Figure 2.1. When the heading is zero, the x-axis is aligned with the North

direction and the y-axis is aligned with the East direction. The vehicle’s position is defined
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by a vector pointing from the origin of the navigation frame to the origin of the body frame

resolved in the navigation frame (rnb ). The 2D position vector is made up of the north and

east components (rnb = [N,E]T ).

In general, the notation used for position vectors is as follows. The superscript denotes

the frame in which the vector is resolved. The subscript denotes the vector’s endpoint. In

the previous example (rnb ), the subscript b refers to the origin of the body frame and the

superscript n refers to the navigation frame. For relative position vectors, the subscript

includes additional information that is best described through example: for two points in

space, c and d, rnc|d represents the position of c with respect to d, resolved in the navigation

frame (n).

At the vehicle level, each sensor is associated with its own reference frame. Knowledge of

the sensor position and orientation on the vehicle is used to transform sensor measurements

to a common frame on the vehicle, i.e., the body frame. Figure 2.2 is shown as an example

of vehicle-level frames including sensor frames (GPS, radar, lidar) along with other relevant

frames such as wheels and trailer links. The sensor frames are assumed to be fixed to the

vehicle such that the position and orientation on the vehicle are constant. A sensor’s position

and orientation on the vehicle, also referred to as extrinsic parameters, must be measured

or calibrated in order to transform sensor measurements into a common frame for use in a

sensor fusion process. In some cases, the extrinsic parameters are included as states in an

estimation scheme for online calibration.

Another coordinate frame that is relevant for path following control is the path tangent

frame (t) as depicted in Figure 2.3. The origin of the path tangent frame is located on

the path and parallel to the origin of the following vehicle’s body frame (f). The x-axis

of the path tangent frame lies tangential to the path and the y-axis is orthogonal to the

x-axis (normal to the path) following the right-hand rule. The path tangent frame is used

to calculate path deviation variables as described later in Section 2.3.2.
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Figure 2.2: Vehicle-Level Reference Frames

Figure 2.3: Path Tangent Frame Diagram

21



2.1.2 Coordinate Frame Transformations

Coordinate frame transformations are essential to sensor fusion and localization. For

positional information, the transform is composed of a translation and rotation. Take for

example a sensor that measures the position of a point in space (p) with respect to the sensor

origin (s) resolved in the sensor frame (s). The goal is to transform the sensor measurement

(rsp|s) into the body frame as rbp|b. The sensor’s extrinsic parameters (rbs|b, Cb
s) are used to

perform the transformation as shown in the equations below [27].

rbp|s = Cb
sr

s
p|s (2.1)

rbp|b = rbp|s + rbs|b (2.2)

Equation (2.1) shows the pure rotation of the measurement into the body frame using

the rotation matrix (Cb
s). For the work presented in this dissertation, rotation matrices are

used to perform vector rotations. In general, the notation used for rotation matrices is to

have the target frame in the superscript and source frame in the subscript. In other words,

the rotation matrix (Cd
c) rotates a vector from the c frame to d frame. The 2D rotation

matrix from the body frame (b) to the navigation frame (n) is a function of the heading

angle (ψ) as shown in Equation (2.3).

Cn
b (ψ) =

 cos(ψ) sin(ψ)

− sin(ψ) cos(ψ)

 (2.3)

More information on coordinate frame transformations can be found in Appendix A.
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2.2 Path Variables and Notations

2.2.1 Vehicle Notations

In practice, collaborative navigation involves the tracking of multiple vehicles and there-

fore multiple body frames. To distinguish the body frame of two vehicles in a convoy, two

frames are introduced: the follower frame (f) and the leader frame (`). Both the follower

frame and leader frame are stand-ins for the body frame of the respective vehicle.

2.2.2 Path Waypoint Indexing

In the context of leader-follower path following in this dissertation, the path is a set of

N waypoints, each representing a past position of the lead vehicle. The path is indexed such

that the first waypoint (i = 1) corresponds to the lead vehicle’s current state (its position at

time tk). In general, the ith waypoint corresponds to the lead vehicle’s state at i− 1 epochs

in the past (its position at time tk−i+1). Figure 2.4 shows an example path resolved in the

follower frame. In this diagram, the vector rfpi|f represents the relative position of the ith

waypoint with respect to the follower.

Figure 2.4: Leader-Follower Path Diagram
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2.3 Path Following Control

Although vehicle control is not performed in this dissertation, an understanding of

certain path following control schemes is provided for understanding the required outputs

of a path estimator. In its purest form, a path following control scheme acts to determine a

series of actuator commands that result in a trajectory that duplicates the path taken by a

lead vehicle. In this section, three common path following control strategies are described.

Ground vehicle control is often separated into two components: lateral and longitudi-

nal control [1]. Lateral control strategies, which are relevant to the work presented in this

dissertation, determine steer angle commands for regulating the lateral path deviation. Lon-

gitudinal control, which actuates engine and braking commands for controlling to a desired

following distance, is less critical in this dissertation due to the focus on long distance follow-

ing scenarios. Therefore, the three control strategies described in this section are all types

of lateral controllers.

2.3.1 Virtual Lead Following

A common choice for path following control is the Virtual Lead Following method [11].

The goal of Virtual Lead Following is the same as any other path following control schemes:

to minimize lateral path deviation. However, Virtual Lead Following works indirectly by

mimicking short distance following approaches. The Virtual Lead Following method is a

popular choice since it is comparatively stable, easy to implement, and intuitive to how

human operators accomplish the same goal.

As its name suggests, the Virtual Lead Following Method chooses a point on the path

to serve as a virtual lead (sometimes referred to as a ghost vehicle) as depicted in Figure

2.5. The position of the virtual lead is based on the path waypoint positions, the follower’s

current position, and a user-defined lookahead distance. When waypoints are sufficiently

dense, the virtual lead is chosen by reverse iterating through the path waypoints until the

distance from the follower to the waypoint is just outside the lookahead radius. For sparse
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paths, the virtual lead position can be interpolated between two path waypoints to improve

the continuity of the controller’s feedback signal, resulting in a smoother response.

Figure 2.5: Virtual Lead Following Diagram

The follower vehicle is then controlled in order to drive the relative bearing (δψ) to zero.

The relative bearing from a following vehicle to a virtual lead waypoint can be seen in Figure

2.5. Given the RPV from the follower to the virtual lead, resolved in the body frame of the

follower (bf = [bx, by]
T ), the relative bearing is calculated as shown in Equation (2.4).

δψ = atan2(by, bx) (2.4)

The choice of lookahead distance will impact the controller’s response. The choice of

lookahead distance changes the effective damping of the response. A short lookahead distance

may result in oscillations about the path while a larger lookahead distance will suffer from

cut corners on turns [51]. To allow for consistency in the controller’s response at various

speeds, the lookahead distance can be designed to scale proportionally with speed. In most
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applications the lookahead distance is chosen through a process of hand tuning in order to

suit the user’s preference.

2.3.2 Lateral Control Following

Another path following control scheme is Lateral Control Following, which seeks to min-

imize path deviation by operating directly on path deviation variables. The path deviation

variables include lateral path position (Y ) and path yaw (ψp) which are represented visually

in Figure 2.6. By regulating the path deviation variables in a control law, the following

vehicle will be successful in duplicating the leader’s path [9]. The steps for calculating the

path deviation variables are described below.

Figure 2.6: Lateral Control Following Diagram

The first step is to determine the waypoint index to use for calculating path devia-

tion variables. The path is first transformed into the following vehicle’s body frame re-

sulting in a set of N positions relative to the follower and resolved in the follower frame{
rfp1|f , r

f
p2|f , . . . , r

f
pN |f

}
. Then, the path index (i) is iterated until reaching the y intercept,

at which point the sign of the x component will be different for the i and i + 1 waypoints.

This point on the path will be referred to as the follower intercept index (iint).
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The path yaw angle (ψp) is determined from the relative positions of the iint and iint+1

waypoints as shown below.

ψp = − atan2(yiint
− yiint+1, xiint

− xiint+1) (2.5)

The waypoint position at iint is then rotated into the path tangent frame for determining

lateral path position.

rtpiint
|f = Ct

fr
f
piint

|f (2.6)

In this equation, Ct
f is the rotation matrix from the follower frame to the path tangent frame

that is formed using path yaw. The lateral path position (Y ) is then taken as the negative

of the y component of rtpiint
|f .

2.3.3 Model Predictive Control Following

Continuing with the trend of increasing complexity, a Model Predictive Control approach

is perhaps the most involved. As its name suggests, this method uses a model of the vehicle

that relates control action inputs (e.g., steer angle) to vehicle motion. For a set of potential

future steer angles, a trajectory is predicted by propagating the vehicle’s state according

to the model. The predicted trajectory is compared to the waypoints and, using a cost

function as decided by the designer, a cost is calculated to quantify how well the trajectory

follows the waypoints. The control inputs are determined by minimizing the cost function

with respect to steer angle over a certain prediction horizon. The cost function could also

include qualitative metrics (e.g., limit jerk for rider comfort), collision avoidance, safety

factors and/or physical limitations of the vehicle [29, 52].

The details are much more involved, but a simplified example is shown in Figure 2.7

for a visual representation. This simplified example only predicts constant steer angles over

the horizon (resulting in circular paths), but in practice higher order functions of steer angle
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can be used for more complex trajectory predictions. This figure shows the “minimum cost

trajectory” in orange, which is the trajectory that most closely tracks the path waypoints.

Figure 2.7: Model Predictive Control Following Diagram

Note that in order to calculate cost, say as the average path deviation, a rotation must

be known from the vehicle’s body frame to the frame in which the waypoints are resolved.

For a set of waypoints that are resolved in the navigation frame, the vehicle heading is used

to make this rotation. It may also be advantageous to estimate higher order states, such as

lateral acceleration, if the designer seeks to optimize for safety and rider comfort.

2.3.4 Path Variables Required for Path Following

All three path following control methods listed here require the path to be resolved in

the follower frame (f) for calculating variables for feedback control. If the estimated path is

resolved in the navigation frame, then the heading of the follower is required to rotate the
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path into the appropriate frame. For the relative path estimator presented in Chapter 3,

vehicle heading is included in the state vector for estimation.

Additionally, the control reference must be provided at a sufficiently high rate to allow

for safe controlled following. The estimator presented in this dissertation provides path

estimates at 2 Hz (the GPS sample rate), which is too low relative to the bandwidth of

ground vehicles [1]. In practice, an odometry solution (e.g., vehicle model, INS) can be used

to both track the vehicle’s heading and propagate the path at a higher sample rate.

The path estimation rate of 2 Hz allows for sufficient density of path waypoints for the

given objective. The level of waypoint density required for accurate control is determined

by a) the target accuracy of a path following controller and b) the expected dynamics of

the lead vehicle. If the application calls for increased density of path waypoints, the GPS

sample rate may be adjusted accordingly. However, in any situation, a large enough gap in

the path caused by missing waypoints would prove challenging for path following control.

For the presented work, the density requirement is said to be fulfilled when no waypoints

are dropped.

In conclusion, path following control requires the provided path estimate to be

(a) resolved in the body frame of the following vehicle.

(b) provided at a high sample rate.

(c) sufficiently dense in order to recreate the path taken by the lead vehicle.

An overview of relative path generation is given in the next section with these high-level

design requirements in mind.

2.4 Relative Path Generation

This section provides an overview of the relative path generation approach presented

in [25, 26] to serve as the foundation for the contributions made in this dissertation. The

relative path generation approach in [25,26] assumes the following observations are available:
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following vehicle odometry (∆rnf ) and inter-vehicle RPV (rn`|f ). The odometry measurement

is an RPV that represents the change in position of a vehicle between consecutive time

epochs. The inter-vehicle RPV is the position of the lead vehicle with respect to the follower

at a given time epoch. In this case, both the odometry and inter-vehicle RPV measurements

are resolved in the navigation frame. Figure 2.8 shows these vector observations.

Figure 2.8: Relative Position Vector Observations

2.4.1 Relative Path Generation Equations

Given this set of observations, the relative path can be calculated. The solution to

calculating the relative path is given in Equation (2.7).

rpi|f = r`|f (tk−i+1)−
i−1∑
j=1

∆rf (tk−j+1) (2.7)

This is the approach presented in [25, 26] for generating relative paths using differential

carrier phase GPS techniques. In [25,26], the following vehicle odometry is estimated using

the Time Differenced Carrier Phase (TDCP) approach and the inter-vehicle RPV from a

Dynamic-Base RTK (DRTK) solution.

In a similar fashion, the relative path could be calculated using lead vehicle odometry

or some combination thereof. In fact, there are i different solutions (not independent) for

30



the ith path element and so the problem is over-defined. An over-defined problem such as

this lends itself well to estimation, where the optimal estimate is some weighted combination

of all solutions.

2.4.2 Relative Path Generation Errors

In practice, the measurements used in generating the path are not perfect. Each RPV

and odometry measurement contains noise, which results in errors in the resulting path.

This section describes the way in which the measurement errors map to path errors.

The noisy measurements (zrpv, z∆) are modeled as having additive noise (νrpv,ν∆) as

shown in Equations (2.8) and (2.9).

zrpv(tk) = r`/f (tk) + νrpv(tk) (2.8)

z∆(tk) = ∆rf (tk) + ν∆(tk) (2.9)

The measurement noise is modeled as zero-mean and Gaussian with a known covariance

matrix (R). For the analysis presented in this section, it is also assumed that the noise is

stationary such that R(t− τ) = R(t) = R. The covariance is defined using the expectation

operator as shown in Equations (2.10) and (2.11).

Rrpv = E
[
(νrpv)(νrpv)

T
]

(2.10)

R∆ = E
[
(ν∆)(ν∆)T

]
(2.11)

For the path generation formula given in Equation (2.7), the measurement noise maps

to path errors (νpi) according to Equation (2.12).

νpi(tk) = νrpv(tk−i+1) +
i−1∑
j=1

ν∆(tk−j+1) (2.12)
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In this equation, i is the path index with i = 1 corresponding to the leader’s current position.

The covariance of the ith path element (Rpi = E
[
(νpi)(νpi)

T
]
) can be solved analytically

using Equation (2.13).

Rpi = Rrpv +
i−1∑
j=1

R∆ = Rrpv + (i− 1)(R∆) (2.13)

Equation (2.13) shows the linear relation of path variance to path index. In practice, the

path is maintained to a finite length (N) based on the following distance. The N th waypoint

will have the highest amount of expected error
(
RpN = Rrpv + (N − 1)(R∆)

)
. Therefore,

the path errors are expected to increase linearly with following distance.

2.4.3 Limitations of Relative Path Generation

Relative path generation as it is described in this section has its limitations. First,

the method assumes that measurements are always available at a consistent sample rate.

In practice, measurements may be corrupt or unavailable at times. For example, in the

case where GPS provides the observations, measurements may be dropped due to a lack of

satellites or corrupted by multipath acting on the carrier signal.

The measurement errors map directly to errors in the generated path. Each inter-

vehicle RPV measurement that is dropped will result in a gap in the path (missing path

waypoints). Gaps in the path may cause the following vehicle to cut corners in turns or

lose a control reference entirely for large enough gaps. Further, a faulty inter-vehicle RPV

measurement will cause a spike in the path. Each odometry measurement that is dropped

will result in total loss of the path since the path is formed as a cumulative sum of odometry

measurements. For the same reason, a faulty odometry measurement will cause a bias in the

path since errors are propagated in the path generation equations. Even in the ideal case

with full availability, the path errors are unbounded with respect to following distance, as

shown in the previous section.
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To address the shortcomings of relative path generation, additional information can be

incorporated and fused into the solution. One option is to use odometry information of the

lead vehicle. An estimation scheme that optimally fuses the leader and follower odometry

along with the inter-vehicle RPV would reduce the rate at which path error grows as a

function of following distance. However, even with an improved error growth rate, the error

would still be unbounded.

Additional improvements to availability and accuracy can be realized by incorporating

body-centric odometry and landmark observations. With sufficient landmark coverage, gaps

in GPS availability can be spanned for estimating the relative path. Further, the body-centric

odometry measurements allow for spanning gaps between landmarks and in smoothing the

fused solution. The use of landmark observations has the added benefit of bounding the

error growth with respect to following distance, allowing for long distance path estimation

with accuracy sufficient for path following control. The fusion approaches mentioned here

are detailed in the next chapter.

2.5 Conclusion

This chapter presented the problem of relative path following from a high level to moti-

vate the contributions that follow. The first two sections serve as reference for the coordinate

frames, variables, and nomenclature that is used throughout the document. Next, Section

2.3 provided high-level descriptions of common control techniques for path following. This

understanding of path following control algorithms provided clarity on the required outputs

of a path estimator. Finally, a method of relative path generation that uses vehicle odometry

and inter-vehicle RPV was summarized in Section 2.4. The section revealed how the relative

path generation approach exhibits unbounded errors with respect to following distance and

motivated the use of sensor fusion which is the subject of the next chapter.
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Chapter 3

Graph-Based Relative Path Estimation

In this chapter, a novel approach to relative path estimation is presented. Relative path

generation, as described in the previous chapter, exhibits linear error growth with following

distance and is dependent on continuous GPS coverage. The estimation-based approach

presented in this chapter is designed for improving the availability and accuracy of a leader-

follower system. These improved characteristics are the result of fusing information from

additional sensors generally available in automated vehicles.

A graph-based estimation scheme is used as the framework for fusing the measurements

provided by the various sensors. These measurements include the navigation frame odom-

etry (also referred to as GPS odometry) and inter-vehicle RPV as used in relative path

generation. Additionally, body-centric odometry measurements are used to improve avail-

ability and observability conditions of the graph-based estimation. Landmark observations

are exchanged between vehicles and used as observations in the graph-based estimator. The

positions of the landmarks are unknown and are included in the state vector for estimation.

The landmark observations are used to improve the availability of the path estimate and to

bound the error growth with respect to following distance.

The material in this chapter is presented for generic relative observations. Unless used to

serve as an example, the specific sensors used to generate the observations are not mentioned.

The material is presented in this way to allow for a wide range of future implementations.

This chapter is followed by Chapter 4 where specifics are provided on the sensors and methods

used for generating measurements from the experimental data.

This chapter starts in Section 3.1 by discussing the considerations made in choosing the

graph-based estimation framework. Section 3.2 follows with a derivation and the underlying
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equations of the graph-based path estimation scheme in its most basic form. Then, Section

3.3 describes the computational demand of the estimation scheme and the steps taken to

reduce this demand by considering the topology of the graph. Section 3.4 demonstrates

how errors manifest in graph-based path estimation through specific examples. Section

3.5 expands on the graph-based path estimation scheme with modifications that allow for

processing nonlinear measurements. The graph-based estimator is modified further in Section

3.6 by augmenting the state vector to allow for landmark observations. An overview of the

different measurement models used in the estimation is given in Section 3.7. Finally, Section

3.8 discusses the observability conditions of the nonlinear graph-based path estimator and

provides a method for evaluating the observability using graph-theoretic properties.

3.1 Estimation Framework Considerations

There are various estimation frameworks that could be employed to accomplish the

same goal of fusing multiple sensor measurements for estimating the path taken by the lead

vehicle. The chosen framework should have the following attributes:

• Flexibility for ad-hoc measurements

• Scalability with increasing following distance

• Ability to process nonlinear measurements

Of the various frameworks, two stand out for initial consideration: a Kalman filter

framework and a graph-based information framework. A Kalman-based framework is con-

sidered due to its computational efficiency and ease of implementation. On the other hand,

a graph-based approach is considered due to the connected nature of the measurements and

vehicle states along with other numerical advantages [53].

The fusion approach should allow for measurements to be incorporated in an ad-hoc

fashion since the availability of each sensor may vary. This is where a graph-based estima-

tion scheme is preferable for reasons that will become clear in later sections. The Kalman
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filter is flexible in which information is used in the measurement update phase, however, it

requires continuously available motion measurements for the time update step, which is not

necessarily the case with GPS odometry.

Another consideration in choosing the estimation framework is the scalability with in-

creasing following distance. For a Kalman-based approach, state estimates would need to be

maintained for the entirety of the path. This includes estimates of all path waypoints and

landmarks from the leader to the follower. The state dimension would eventually become

intractably large and exhaust processor and memory resources. Conversely, a graph-based

approach is flexible to which states are included in the state vector. By this, only path

waypoints in the vicinity of the following vehicle would need to be estimated.

The chosen estimation framework must also be accepting of nonlinear measurements

since orientation estimates are required to transform observations to a common frame. The

extended Kalman filter handles nonlinear measurements by a first order Taylor series ex-

pansion [27]. In contrast, the graph-based approach handles nonlinearities by iterating on a

nonlinear least squares problem using Gauss-Newton reduction. In other words, the graph-

based estimator solves the full SLAM problem, which better addresses the nonlinearities in

the system [54]. One of the main drawbacks to solving the full SLAM problem is the de-

mand on the processor. However, through graph reduction and intelligent state selection,

this processor demand can be reduced. After these considerations, a graph-based approach

was chosen and will be described in detail in the following sections.

3.2 Graph-Based Relative Path Estimation

Graph-based estimation is a method of forming the least squares problem in a way

that takes advantage of the graphical nature of the problem at hand. In general, a graph

is made up of a set of nodes (also known as vertices), a set of edges, and a relation that

associates each edge with two vertices, called endpoints [55]. For the case of path estimation

as presented here, the graph is a Relative Pose Graph (RPG) where the nodes represent
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vehicle poses in time and the edges represent relative measurements that relate two poses.

Each edge is weighted based on the accuracy of a measurement. The optimization process

then solves the least squares problem to determine the optimal state estimates. Conceptually,

the optimization step acts like a mechanical spring-mass-damper system. In this mechanical

analogy, high confidence measurements are given a greater spring stiffness compared to the

other links in the system and the equilibrium positions of the masses correspond to the

optimal estimate [47].

3.2.1 Graph Representations

This section will introduce the graph-based estimation approach with a simple example.

Consider the fusion problem first introduced in Section 2.4 in which the following measure-

ments are given: a) GPS odometry of the following vehicle, b) GPS odometry of the lead

vehicle, and c) inter-vehicle RPV measurements. It was shown in Section 2.4 that there are

multiple ways to calculate the relative path positions by using some combination of leader

and follower odometry. Intuition says that if all available information is utilized then the

resulting estimate would be more accurate, on average, than any directly calculated result.

Figure 3.1 shows the pose graph representation of this example represented in cartesian

space.

The graph is made up of two subgraphs: the follower subgraph (F ) and leader subgraph

(L) as defined in Equations (3.1) and (3.2).

{f1, f2, . . . , fN−1, fN} ∈ V (F ) (3.1)

{`1, `2, . . . , `N−1, `N} ∈ V (L) (3.2)

The two subgraphs are connected by inter-vehicle RPV measurement edges. The odometry

edges connect vertices at consecutive time epochs within their corresponding subgraph. The
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Figure 3.1: Graph-Based Path Estimation: Cartesian Graph

graph shown in Figure 3.1 is displayed in cartesian space, but the graph can also be organized

by subgraph as shown in Figure 3.2.

Figure 3.2: Graph-Based Path Estimation: Graphical Representation
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3.2.2 Graph Optimization

The underlying mathematics behind estimating the state variables is referred to as graph

optimization. Continuing with the previous example, the state variables are shown in vector

form in Equation (3.3). For this simplified, linear example, only the 2D positions are to be

estimated.

x =

 xF

xL

 =



rf (tk)

rf (tk−1)

...

rf (tk−N+1)

r`(tk)

r`(tk−1)

...

r`(tk−N+1)



(3.3)

The state vector is of size nx × 1 where nx is the total number of state variables to be

estimated. For this specific example, this equates to nx = (2)(N)(n) where N is the path

length and n is the state dimension at each vertex.

The estimated value of x is notated as x̂. Graph optimization seeks to determine the

state estimate (x̂) along with the expected accuracy in the form of a covariance matrix. The

state estimate covariance matrix (P) is defined in Equation (3.4).

P = E
[
(x− x̂) (x− x̂)T

]
(3.4)

The information theoretic approach consists of an information matrix (Ω ∈ Rnx×nx)

and an information vector (ξ ∈ Rnx×1). The rows of both Ω and ξ correspond to the state

vector. The columns of Ω also correspond to the state vector. For each graph optimization,

the information matrix and vector are preallocated to the proper dimension and initialized

with all zeros.
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Each measurement is then accounted for individually by adding information to the

appropriate rows and columns of Ω and ξ. The measurement (zuv) is modeled with additive

noise (νuv) and has an associated measurement matrix (Huv) as given in Equation (3.5).

zuv = Huv

 xv

xu

+ νuv (3.5)

The u and v subscripts denote the endpoint vertices of the relative measurement zuv. For this

example, the RPV and odometry measurements are linear and share the same measurement

matrix

Huv = [I2×2,−I2×2] (3.6)

where I2×2 is a 2 × 2 identity matrix. The noise is modeled as zero-mean Gaussian with

covariance matrix (Ruv) as defined in Equation (3.7).

Ruv = E
[
(νuv)(νuv)

T
]

(3.7)

The rows and columns of Ω and ξ corresponding with endpoints u and v are summed

with the measurement’s information (negative log likelihood) as shown in Equations (3.8)

and (3.9).

Ω[uv] += HT
uvR

−1
uvHuv (3.8)

ξ[uv] += HT
uvR

−1
uv zuv (3.9)

In these equations, Ω[uv] and ξ[uv] represent the submatrix and subvector of Ω and ξ cor-

responding to nodes u and v. The “+=” operator indicates the addition of the right-hand

side of the equation to Ω[uv] and ξ[uv] in each equation.

Since all measurements are relative, an anchor node is chosen to serve as the origin of

the estimated states. The convenient choice for the anchor node is the current position of
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the follower. This node (f1) is anchored by adding information to the rows/columns of the

anchor node in the information matrix as shown in Equation (3.10) [56].

Ω[f1] += In×n (3.10)

After accounting for all measurements and constraints in Ω and ξ, the result is a least

squares problem. The state estimate (x̂) is determined by solving Equation (3.11).

Ωx̂ = ξ (3.11)

The resulting estimate for the anchor states will be zero and all other state estimates will

be relative to that point. The covariance of the state estimate is given by the inverse of the

information matrix as shown below.

P = Ω−1 (3.12)

3.2.3 Observability Considerations for the Linear Case

The graph-based representation allows for the observability of the system to be analyzed

using graph-theoretic properties. Here, the estimation problem is said to be observable if

the information matrix is invertible. For the linear case, a node (vi) is said to be observable

if the graph contains a path from the anchor node (va) to node vi.

In practice, the graph is used to find all va-connected nodes of the system. All other

nodes are unobservable and their inclusion in the problem makes the information matrix

degenerate and unable to be inverted. The rows and columns in the information matrix

corresponding to unobservable nodes are removed and the states are not included in the

estimation.
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3.2.4 Path Length Determination

One aspect of graph-based path estimation that has not been discussed up to this point

is the determination of the path length. The path length (N) is the number of waypoints in

the path which is a design consideration when implementing the path estimation algorithm.

One choice is to allow for N to vary based on the current following distance such that the

last waypoint is the follower intercept index (N = iint). In this way, the waypoint positions

at N − 1 and N will be directly in front of and behind the follower’s current position,

respectively. A path of this size will be sufficient for calculating the path deviation variables

in most situations.

However, in light of the observability conditions presented in Section 3.2.3, it may be

advantageous to allow the path to extend beyond the follower intercept index (N > iint). For

example, in some situations the inter-vehicle RPV may not be available for a duration of time.

With a larger path size, it would be possible to form the path on odometry measurements,

effectively dead reckoning the path solution from the most recent inter-vehicle RPV.

Certain implementations may choose to set N to a fixed value. This could be preferable

in situations where the machine’s memory must be allocated statically. With a set value for

N , static memory can be allocated for the vectors and matrices involved in graph optimiza-

tion. This would cut down on the processor demand of dynamically allocating memory for

varying path sizes, resulting in a more computationally efficient implementation.

The method used for path length determination in this dissertation is based on a user-

defined distance, referred to as the path tail length (dtail). The path tail length determines

the along-path distance from the waypoint position at N and the waypoint position at the

follower intercept index, iint. With the path size dictated by a measure of distance, some

intuition can be used in setting the path tail length. This could be based on the drift

rate of the odometry system to ensure that a dead reckoned path will be within accuracy

requirements. It may also be chosen based on the maximum range of the perception sensors

in the case of landmark navigation which will be introduced in later sections.
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3.3 Considerations for Computational Load

The graph-based path estimator described in the previous section exhibits an increas-

ingly high computational demand as following distance, and thereby path length, increases.

The matrix inversion step is the main contributor to the computational demand. As path

length increases, so does the size of the state vector. Each additional waypoint adds 2 × n

states to be estimated, where n is the state dimension of a node. The computational com-

plexity would grow on the order of O(n2
x log nx) where nx is the dimension of the information

matrix (nx = 2 × n × N) [57]. The computational load would quickly become infeasible

as following distance increases. However, by making adjustments to the graph topology

and taking advantage of graph reduction techniques, the computational complexity can be

reduced to grow linearly with path length.

3.3.1 Measurement Edge Topology Selection

The computational complexity of the problem can be reduced by excluding certain

measurement edges from the optimization. The inter-vehicle RPV measurements are a strong

candidate for removal since their elements lie in the off-diagonals of the information matrix

to be inverted. The inter-vehicle RPV measurements at the start and end of the path have

the greatest influence on the path’s accuracy since they connect critical nodes (waypoint

positions used to calculate path deviation variables) to the anchor node (the latest follower

pose). The inclusion of the intermediate RPV measurements has a marginal impact on the

path accuracy.

This characteristic is demonstrated by a simulation study that compares the accuracies

resulting from using a different number of inter-vehicle RPV edges in the estimation. The

measurements were generated using the simulation environment described in Chapter 5.

The number of RPV measurements (NRPV ) was increased from 1 to N and the positional

accuracy of the virtual lead waypoint was recorded. Note that when NRPV = 1, the problem

becomes equivalent to that of relative path generation as described in Section 2.4. Also,
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when NRPV = N , the full set of RPV edges is used and this result serves as the benchmark

accuracy for the test. Figure 3.3 shows the accuracy of the virtual lead waypoint plotted

against NRPV . These results show a diminishing return on accuracy as NRPV increases past

5, at which point the difference is only 0.2 % from the benchmark.

Figure 3.3: Impact of Number of RPV Measurements on Virtual Lead Position Error

By using only RPV measurements at the path boundaries, the intermediate odometry

measurements can be combined and used as a single edge in the graph. The result is an

estimation problem with a finite dimension and therefore a computational complexity that is

not exponentially related to path length. The added step of summing intermediate odometry

measurements can be accomplished with complexity that is linear with path length. From

this, the computational complexity is reduced from O(N2 logN) to O(N) with negligible

impact on the resulting path’s accuracy, making it a feasible solution for long distance

following.

The adjacency matrix is helpful for visualizing the process and impact of RPV edge

removal and the combination of intermediate odometry edges. The adjacency matrix is a

square matrix where the rows and columns correspond to nodes in the graph. The adjacency
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matrix is populated with 0’s and 1’s where a 1 indicates two adjacent nodes (connected by

a measurement edge). In Figure 3.4, the adjacency matrix is shown for each step in the

removal and reduction process.

Figure 3.4: Adjacency Matrices in RPV Removal and Graph Reduction Process

In this simplified example, the path size (N) is 6 and the desired number of RPV

edges (NRPV ) is 4. The adjacency matrix in Step 1 is of the full graph with all available

RPV edges. The RPV edges can be seen as a band running along the off-diagonals of the

adjacency matrix. The next step removes 2 of the RPV edges, leaving the desired number of

RPV edges (4). In Step 3, the intermediate odometry edges are combined, leaving the cells

of intermediate nodes (3, 4, 9 and 10) empty. Since the rows and columns of the intermediate

nodes are all zero, they can be removed from the graph. The result is a graph of finite size,

as shown in Step 4, that can be solved in a predictable amount of time.
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Informally, the intermediate odometry measurements can be combined by cumulatively

summing consecutive measurements. The covariance of the combined odometry edge would

also be a cumulative sum of individual odometry covariance matrices. However, when land-

mark nodes are included in the graph, this step is not as straight-forward. Combining

intermediate nodes is accomplished more generally through the process of graph reduction,

allowing for the reduction of intermediate vehicle and landmark nodes alike.

3.3.2 Graph Reduction

It was shown in [47] that a relative position graph can be reduced significantly by taking

advantage of the graph’s topology. Graph reduction is the process of removing nodes one at

a time while maintaining the information provided by the node’s incident edges. Take the

simple example shown in Figure 3.5 consisting of three nodes: u, v and w. In this example,

node w is reduced from the graph and the information from uw and wv are collapsed into a

single edge, uv.

Figure 3.5: Node Reduction Example

Mathematically, the general procedure of node reduction is as follows. Let τ(w) be

the set of nodes adjacent to and including node w. For the example shown in Figure 3.5,

τ(w) = {w, u, v}. To reduce node w from the graph, the following operations are performed:

Ω[τ(w),τ(w)] −= Ω[τ(w),w]Ω
−1
[w,w]Ω[w,τ(w)] (3.13)

ξ[τ(w)] −= Ω[τ(w),w]Ω
−1
[w,w]ξ[w] (3.14)
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The “−=” operator indicates the subtraction of the right-hand side of the equation from the

left-hand side. After this operation, the rows and columns of ξ and Ω associated with node

w will be zero. This is shown visually in the example in Figure 3.5 by the block elements

that are shaded out. Node w can then be removed from the optimization without loss of

information [47].

The process of graph reduction is more relevant when additional measurements are

included in the estimation. The use of landmark observations introduces new nodes repre-

senting landmark positions, which will be described in detail in later sections. By use of

graph reduction, all intermediate landmark and vehicle nodes that bridge inter-vehicle RPV

measurements can be combined into a single edge while maintaining their information and

contribution to the final estimate. By this, the landmark observations can bridge gaps in

odometry measurements. One lost odometry measurement would make summing intermedi-

ate odometry impossible, but by including landmark nodes and using graph reduction, these

limitations are removed.

3.4 Relative Path Estimation Errors

The path variance is calculated from the graph estimate covariance matrix as follows.

First, the covariance matrix is partitioned by the leader and follower subgraphs. The parti-

tioned submatrices are the covariance of the estimated leader states (PL), the covariance of

the estimated follower states (PL), and the cross-covariance of the leader and follower states

(PFL,PLF ).

P = Ω−1 =

 PF PFL

PLF PL

 (3.15)

The covariance of the path estimate is therefore PL. From this, the covariance of the vehicle

pose estimate at path index i is calculated as

Pi = PL [(n(i− 1) + 1) , . . . , n(i)] [(n(i− 1) + 1) , . . . , n(i)] (3.16)
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where n is the state dimension of the each node (n = 2 for the 2D, linear case). The position

estimate variance is taken as the sum of the diagonal elements of Pi.

Figure 3.6 shows the variance from a graph-based path estimate compared to a path

calculated from only follower odometry and inter-vehicle RPV measurements as described in

Section 2.4. The path variance in this figure is plotted by path index. This example shows

that by incorporating lead vehicle odometry into the path estimate, the error growth rate is

reduced, allowing for larger paths and longer following distances. However, the error is still

unbounded with respect to path index (proportional to following distance). To bound error

growth, Section 3.6 will show how landmark observations can be included in the graph-based

estimation framework.

Figure 3.6: Graph-Based Estimation Example: Position Variance vs. Path Index

3.5 Nonlinear Graph-Based Estimation

The landmark observations are resolved in the vehicle’s body frame as opposed to the

odometry and RPV measurements considered so far which are resolved in the navigation
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frame. Because of this, the vehicle orientation is required to transform landmark obser-

vations into a common frame. Assuming external knowledge of vehicle orientation is not

available, the orientation is included in the state vector for estimation, resulting in a non-

linear estimation problem. In this case, each node of the graph represents a vehicle pose

consisting of a 2D position (r) and heading (ψ). For some graph node u, the associated

vehicle pose is as shown below.

xu =

 ru

ψu

 (3.17)

A nonlinear measurement (zuv) relating two nodes, u and v, is modeled as a function of

the states (xu and xv, respectively) and noise (νuv) as shown in the equation below.

zuv = huv(xu,xv,νuv) (3.18)

The noise is modeled as zero-mean Gaussian with covariance matrix (Ruv).

Nonlinearities in graph-based estimation are handled by an iterative process [47]. First,

the state estimate (x̂) is initialized with approximate values. The graph optimization pro-

cess is then performed with the following modifications. For the nonlinear estimator, the

measurement matrix (Huv) is replaced with the measurement Jacobian matrix evaluated at

the latest state estimate as defined below.

Huv =

[
∂huv

∂xv

∂huv

∂xu

]∣∣∣∣
(x̂u,x̂v ,0)

(3.19)

The information matrix and vector are updated using equations similar to those of the linear

case, shown previously in Equations (3.8) and (3.9). In the case of the nonlinear estimator,
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the measurement innovation is used as shown below.

Ωuv += HT
uvR

−1
uvHuv (3.20)

ξuv += HT
uvR

−1
uv (zuv − ẑuv) (3.21)

In Equation (3.21), ẑuv is calculated from Equation (3.18) using the latest estimate of the

state as seen in Equation (3.22).

ẑuv = huv(x̂u, x̂v,0) (3.22)

The information matrix and vector are then used to determine state estimate corrections

(δx̂) by solving the equation below.

Ωδx̂ = ξ (3.23)

The corrections are applied to the state estimate (x̂ += δx̂) for each iteration. The process

is repeated with the latest estimate until convergence is reached, indicated by a sufficiently

small δx̂.

3.6 Augmenting the Graph-Based Estimator for Landmark Observations

Continuing with the estimation framework described in Section 3.2.2, landmark obser-

vations are incorporated by expanding the graph to include landmark nodes as indicated

by stars in Figure 3.7. The landmark observations are represented in the graph as edges

connecting vehicle nodes to landmark nodes. The landmark nodes are grouped in a new

subgraph (M) as defined in Equation (3.24) where NM is the total number of landmarks.

{m1,m2, . . . ,mNM−1,mNM
} ∈ V (M) (3.24)

A graphical representation is also given in Figure 3.8 organized by subgraph.
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Figure 3.7: Graph-Based Path Estimation: Cartesian Graph With Landmark Nodes

Figure 3.8: Graph-Based Path Estimation: Graphical Representation With Landmark Nodes

The landmark positions are unknown and must be estimated along with the vehicle

states. From this, the estimation problem becomes a form of Simultaneous Localization
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And Mapping (SLAM) as introduced in Section 1.4. Certain landmarks exhibit a distinct

orientation that is detectable from the feature extraction process. While the landmark’s

orientation is not relevant to the ultimate goal of path following, it is included in the state

vector to improve observability conditions as shown in Section 3.8. The full state vector,

augmented with landmark states, is given in Equation (3.25).

x =


xF

xL

xM

 =



xf (tk)

xf (tk−1)

...

xf (tk−N+1)

x`(tk)

x`(tk−1)

...

x`(tk−N+1)

xm1

xm2

...

xmNM



(3.25)

3.7 Measurement Models

3.7.1 Differential GPS Measurement Models

There are two observation types provided by differential GPS: odometry and inter-

vehicle RPV, both resolved in the navigation frame. The measurement models for these

observations consist of differencing the position states of two nodes in the graph. The

differential GPS measurement models are inherently linear as introduced in Section 3.2.2.

Both types follow the same model as provided in Equation (3.26).
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huv(xu,xv,νuv) =

[
I2×2 02×1 −I2×2 02×1

] xv

xu

+ νuv

= rv − ru + νuv

(3.26)

The GPS odometry and inter-vehicle RPV measurements differ in which nodes (u, v)

they apply. For inter-vehicle RPV, u belongs to the follower subgraph (F ) and v belongs to

the leader subgraph (L), both nodes being associated with the same instance in time. For

odometry measurement, u and v belong to the same subgraph (either L or F ) with v being

associated with a particular time (ti) and u associated with the previous time (ti−1).

Because the differential GPS measurements are linear, the associated measurement ma-

trix (Huv) is not a function of the states. The measurement matrix is simply the matrix that

pre-multiplies the states in Equation (3.26). For completeness, the measurement matrix for

differential GPS observations is given below in Equation (3.27).

Huv =

 1 0 0 −1 0 0

0 1 0 0 −1 0

 (3.27)

The differential GPS observations are considered degenerate, meaning that xu and xv

are not fully observable from these measurements alone. This is given by the columns of

zeros in the measurement matrix which indicates that no information of the vehicle’s heading

is provided. However, by combining with other measurements, degenerate or otherwise, it’s

possible to achieve full observability of the states.

The noise acting on the differential GPS observations is additive, as shown in Equation

(3.26). This noise is modeled as zero-mean Gaussian. The noise acting on inter-vehicle RPV

measurements (νuv = νrpv) has a covariance matrix (Rrpv). Similarly, the noise acting on

GPS odometry measurements (νuv = ν∆) has a covariance matrix (R∆). The covariance

matrices for inter-vehicle RPV and GPS odometry measurements are defined in Equations
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(3.28) and (3.29), respectively.

Rrpv = E
[
νrpvν

T
rpv

]
(3.28)

R∆ = E
[
ν∆ν

T
∆

]
(3.29)

3.7.2 Body-Centric Odometry Model

The body-centric odometry model is similar to the GPS odometry model in that it

operates on two nodes within the same subgraph (L or F ) at consecutive times (ti and ti−1).

Body-centric odometry differs from GPS odometry in that the RPV is body-centric and

provides an additional measurement of the change in heading between the two nodes. The

body-centric odometry measurement relates to the states by differencing the position states

and rotating into the body frame of the previous pose at ti−1 along with an additional term

for the change in heading. The model resulting from this calculation is given in Equation

(3.30).

huv(xu,xv,νuv) =

 Cbu
n (rv − ru)

ψv − ψu

+ νuv (3.30)

The body-centric odometry measurements are nonlinear and therefore their Jacobian

matrix is a function of the states. For simplicity, the measurement Jacobian matrix is broken

down into two parts as

Huv =

[
∂huv

∂xv

∂huv

∂xu

]
=

[
Hv Hu

]
(3.31)

with Hu and Hv defined below.

Hv =

 Cbu
n 02×1

01×2 1

 (3.32)
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Hu =

 −Cbu
n

01×2

δCbu
n (rv − ru)

−1

 (3.33)

In Equations (3.30), (3.32), and (3.33), the matrix Cbu
n represents the rotation matrix from

the navigation frame to the body frame of u.

Cbu
n =

 cos(ψu) sin(ψu)

− sin(ψu) cos(ψu)

 (3.34)

Also, δCbu
n is the partial derivative of the rotation matrix with respect to ψu as shown below.

δCbu
n =

∂Cbu
n

∂ψu
=

 − sin(ψu) cos(ψu)

− cos(ψu) − sin(ψu)

 (3.35)

The body-centric odometry measurements are non-degenerate since the full pose xv can

be determined from xu (and vice versa) with a body-centric odometry measurement. In

practice, body-centric odometry measurements have a high degree of availability and their

inclusion in the Relative Pose Graph significantly increases observability of the full estimation

problem.

Equation (3.31) shows that the noise acting on body-centric odometry (νuv = νodom) is

additive. This noise is modeled as zero-mean Gaussian with a covariance matrix (Rodom) as

defined in Equation (3.36).

Rodom = E
[
νodomν

T
odom

]
(3.36)

3.7.3 Landmark Observation Model

The landmark observations are modeled similarly to that of the body-centric odometry

measurements in that a body-centric RPV and a relative orientation is measured. For land-

marks with a distinct orientation (e.g., from that of a road sign), the same model provided
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in Equation (3.30) applies. In this model, the node u represents the ego-vehicle from which

the observation was made while the node v represents the observed landmark.

For landmarks that lack a distinct orientation (e.g., from a cylindrical, pole-like land-

mark), the measurement is made up solely of the RPV resolved in the ego-vehicle’s body

frame. This model is realized by removing the last row of the measurement model (huv)

and the measurement Jacobian matrix (Huv) of Equations (3.30) and (3.31). The result is a

measurement Jacobian matrix with all zeros in the third column corresponding to the land-

mark’s heading state. Because of this, landmark observations that lack a distinct orientation

are degenerate. The information is still valuable in path estimation, however, it will require

multiple commonly observed landmarks to provide full observability between two vehicle

poses. The observability conditions are studied in greater detail in Section 3.8.

As shown in Equation (3.31), the noise acting on landmark measurements (νuv = νLM)

is additive. This noise is again modeled as zero-mean Gaussian with a covariance matrix

(RLM) as defined in Equation (3.37).

RLM = E
[
νLMν

T
LM

]
(3.37)

3.8 Observability Considerations for the Nonlinear Case

In Section 3.2.3, the conditions for a valid path to be observable were described for the

linear case. This section describes the observability conditions for the nonlinear case, which

are slightly more involved. The nonlinear observability is first described through a number

of graph topology examples. Next, an algorithm is presented for evaluating the nonlinear

observability and ensuring that the estimation problem is non-degenerate.
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3.8.1 Case Study for Nonlinear Observability

First, consider a Relative Position Graph with body-centric odometry and landmark

observations that are non-degenerate (i.e., include both relative position and relative orien-

tation). In this case, the observable graph nodes can be determined using the same method

presented in Section 3.2.3: a node (vi) is said to be observable if the graph contains a path

from the anchor node (va) to node vi. When all nodes in the graph satisfy this condition,

the information matrix (Ω) will be invertible.

The complications arise when considering degenerate edges in the graph such as those

provided by pole-like landmark observations that lack a distinct orientation. A degenerate

edge is one that, by itself, does not contain enough information to resolve the full pose state

of one of the incident nodes from the other. These complications are demonstrated using

the example topologies given below.

Example 1: Two vehicle nodes, a body-centric odometry edge, and a GPS odom-

etry edge (observable)

In this first example, the graph contains two nodes (f1 and f2) representing a single

vehicle at two instances in time. The nodes are connected by a body-centric odometry edge

and a GPS odometry edge. Only the position states of f1 are anchored in this example

and the yaw state of f1 is left to be estimated in the graph optimization. The body-centric

odometry edge contains information on the relative pose between vehicles with respect to

f2 and is resolved in the f2 body frame. In contrast, the GPS odometry edge is resolved in

the navigation frame. With this topology, there is only one possible solution that satisfies

the constraints provided by the two measurement edges. This is expressed mathematically

as a full rank information matrix. The rank of the information matrix in this example is 6,

which is equal to the dimension of the information matrix (3 states for the 2D pose of both

f1 and f2) and satisfies the full rank requirement for observability.
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Example 2: Two vehicle nodes, one degenerate landmark node (unobservable)

Next, consider a topology with two vehicle nodes (an anchor node at f1 and a path node

`1) and one landmark node (m1) lacking a distinct orientation (“degenerate landmark”).

Both vehicle nodes are connected to m1 through a degenerate measurement edge. In this

example, since no navigation frame observations are used, the yaw state of f1 is anchored

and the resulting estimate will be resolved in the body frame of f1. Given this topology,

an infinite number of solutions exist for the pose of `1, forming a circle centered around the

landmark position. This is expressed mathematically as rank deficiency in the information

matrix. The rank of the information matrix formed with this topology is 7, which is less

than the value of 8 required for full rank (3 states for both f1 and `1 plus 2 states for the

position of m1).

Example 3: Two vehicle nodes, one degenerate landmark node, and an inter-

vehicle RPV edge (observable)

Next, consider the topology in the first example, but with an inter-vehicle RPV edge

(resolved in the navigation frame) between f1 and `1. Since a navigation frame measurement

is included in the graph, only the position states of f1 are anchored and the yaw state of

f1 is left to be estimated. The information gained by adding this edge makes `1 fully ob-

servable (position and orientation) despite the landmark observations lacking an orientation

component. This topology also allows for full yaw observability including that of the position-

anchored node, f1. The rank of the information matrix from this set of measurements is 8,

which is full rank.

Example 4: Two vehicle nodes, one degenerate landmark node, and a body-

centric odometry edge (observable)

In this example, two vehicle nodes observe a degenerate landmark and are connected

by a body-centric odometry edge. In this case, the yaw state of f1 is anchored since no
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navigation frame information is present in the graph. All nodes are fully observable relative

to a reference frame defined by the pose of f1. This is related to the information matrix

having a full rank of 8.

Example 5: Two vehicle nodes, two degenerate landmark nodes (observable)

This example considers two vehicle nodes (f1 and `1) that both observe two degenerate

landmark nodes (m1 and m2). Assume in this example that f1 is anchored in both position

and yaw since none of the measurement information is resolved in the navigation frame. As

opposed to Example 2 in which there are infinite solutions for `1, the addition of a second

degenerate landmark node in this example results in only one possible solution for the state

of `1. The rank of the information matrix in this case is 10 which satisfies full rank (3 states

for both f1 and `1, 2 states for both m1 and m2).

3.8.2 Observability Evaluation

Motivated by the findings in the previous examples, a method was developed that

ensures sufficient conditions for observability of the nodes in the graph. For this, a few

graph-theoretic properties are introduced. For some graph G, a path is a subgraph of G that

connects two nodes within the graph. A connected graph is a graph for which a path can

be drawn between any two nodes in the graph. A graph is said to be k-edge-connected if it

remains connected when less than k edges are removed [55].

For the Relative Position Graph (G) described in this chapter, observability can be

ensured if a graph Gv = L + F is at least 2-edge-connected. That is to say, a subgraph

of G made up of only vehicle nodes (Gv ⊆ G) is observable if it is 2-edge-connected. This

condition is not necessary for observability (as shown in Example 3), but is sufficient for

ensuring observability and can be used in practice to declare nodes as valid for use in graph

optimization. This condition will ensure that any node in the graph will have at least two

independent connections to the anchor node in which case the node will be fully observable.
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To increase the efficiency of an algorithm that evaluates observability, an assumption is

made that body-centric odometry is continuously available. This is a reasonable assumption

since the onboard wheel speed and yaw rate measurements are critical for vehicle safety

measures and are designed with high standards on availability. With full availability of

body-centric odometry, the two vehicle subgraphs have full internal connectivity by non-

degenerate edges. All poses within a vehicle subgraph can be calculated from any other

node in the same subgraph. Since the follower subgraph contains an anchoring node, all

other nodes in F can be labeled as valid. For validating the leader subgraph, a 2-edge-

connectivity must exist between F and L.

The observability check is performed as follows. Given a graph G representing the

Relative Pose Graph, F ⊆ G and L ⊆ G representing the vehicle subgraphs with f1 ∈ V (F )

as an anchor node, the k-edge-connectivity between f1 and L is to be determined. On

initialization, set the connectivity k = 0 and an intermediate graph G = G′ for use in

the operation. For each `i ∈ V (L), find a path Pi ⊆ G′ that connects `i to f1 (V (Pi) =

{f1, . . . , `i}). If the path exists, then increment k = k+ 1 and remove all edges of Pi from G′

(G′ = G′ −E(Pi)). Set i = i+ 1 and continue to the next iteration. After iterating through

all node combinations, the resulting value of k is the edge-connectivity of the graph. To

perform the observability check, it isn’t necessary to know the true k-edge-connectivity, but

whether G is least 2-edge-connected. Therefore, the algorithm can exit the operation once

the minimum connectivity number (2) is reached.

The assumption of continuous body-centric odometry is not entirely necessary and may

be restrictive in some applications. The validity test can be adapted to account for any gaps

in body-centric odometry. In this case, a number of subgraphs can be partitioned, each with

full internal connectivity. Then, the 2-edge-connectivity with the anchoring node can be

evaluated for each subgraph separately.
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3.9 Conclusion

This chapter introduced a novel method for relative path estimation using a graph-

based estimation scheme. The key contribution of the proposed path estimation approach is

to bound error with respect to following distance while leveraging the accuracy provided by

differential GPS measurements. This attribute of bounded errors is realized by exchanging

landmark observations between vehicles. A secondary contribution of the proposed method

is the improved availability provided by landmark observations and body-centric odometry

compared to solutions relying solely on GPS. These attributes will be demonstrated through

an evaluation carried out with both simulated and experimental data in Chapters 5 and

6, respectively. Before this evaluation can take place, details on the specific embodiment

must be provided. For this, Chapter 4 will detail the sensors and methods used to generate

measurements from the experimental data and provide a characterization of the resulting

measurement errors.
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Chapter 4

Relative Path Estimation Front-End

The previous chapter detailed the proposed graph-based estimation approach using

generic measurements in the form of relative position vectors and relative orientation. In

the robotics community, the process of generating these measurements from raw sensor data

is referred to as the SLAM Front-End. By describing the SLAM Front-End separately, the

core estimator can be replicated with different measurement sources by referring exclusively

to Chapter 3. For this chapter, consideration is given to the sensors used for this particular

application. The sensors discussed in this chapter are based on the experimental setup which

is described further in Chapter 6.

The sensor data used in this dissertation can be split into three categories: raw GPS

observables, onboard vehicle measurements, and lidar data. The raw GPS observables of

carrier phase and pseudorange are used for generating measurements of inter-vehicle RPV

and vehicle odometry, both resolved in the navigation frame. The onboard vehicle mea-

surements are provided over the Controller Area Network (CAN) bus and are commonly

available on most production vehicles. This includes measurements of wheel speed and yaw

rate which are used to generate body-centric vehicle odometry. Lastly, this chapter details

how data from a multi-channel lidar is processed for generating landmark observations, a

process referred to as feature extraction.

4.1 Front-End Process Overview

A block diagram is shown in Figure 4.1 summarizing the Relative Path Estimation Front-

End. This diagram shows a number of vehicle blocks up to Vehicle i, each of which performs

the front-end process locally. The diagram implies an Ultimate Lead Following scheme
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given that Vehicle 1 (the convoy’s ultimate lead) transmits to all subsequent vehicles. An

Immediate Lead Following scheme would look the same except each Vehicle i would transmit

to its immediate follower at i+ 1.

Figure 4.1: Relative Path Estimation Front-End Block Diagram

The block diagram shows the four sensor modules as parallelogram-shaped containers.

The blocks that follow are front-end algorithms. The yaw rates and wheel speeds feed into

Body-Centric Odometry Calculation, which outputs odometry synchronized with GPS time.

The Point Cloud Aggregator block takes in point clouds at the rate of the lidar and combines

consecutive data for outputting a dense point cloud at each GPS time epoch. The Point

Cloud Aggregator accepts body-centric odometry in order to compensate for vehicle motion

when combining sequential lidar measurements. The dense point cloud data is then used

in the Landmark Feature Extraction block for detecting the landmark observations. Raw

GPS observables are output from the GPS receiver and used for differential GPS algorithms.
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The raw GPS observables, along with the processed observations, are transmitted via DSRC

radio for use in a following vehicle’s path estimation algorithm.

4.2 Differential GPS Algorithms

The differential GPS methods detailed in this section are used as measurements in

the path estimator. Differential techniques provide precise relative position information by

mitigating the impact of common mode errors in the GPS measurements. Two algorithms

will be described in this section: Time Differenced Carrier Phase Odometry (TDCP) and

Dynamic Base RTK (DRTK). These two algorithms result in precise estimates of vehicle

odometry and inter-vehicle RPV which are then used as measurements in path estimation.

4.2.1 GPS Observations

The GPS receiver provides code and carrier based range measurements for each satellite

being tracked. The measurements provided by receiver A of satellite j are modeled as shown

in the equations below [58].

ρjA = rjA + c(δtA − δtj) + λ(T jA + IjA) +M j
ρ,A + εjρ,A (4.1)

φjA = rjA + c(δtA − δtj) + λ(T jA − I
j
A +N j

A) +M j
φ,A + εjφ,A (4.2)

In these equations, the true range from receiver A to satellite j is represented as rjA,

which is the magnitude of the relative position vector (rjA = ‖rjA‖). Both the pseudorange

and carrier phase measurements are corrupted by atmospheric delays due to the ionosphere

(IjA) and troposphere (T jA). The atmospheric errors are multiplied by the signal wavelength

constant (λ). The receiver and satellite clock deviations from GPS time (δtA and δtj, re-

spectively) also produce biases in the measured range from receiver to satellite. The clock

deviations are multiplied by the speed of light constant (c). The measurements also involve

random noise due to thermal effects on the receiver; the random error in the pseudorange
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and carrier phase measurements are represented by εjρ,A and εjφ,A, respectively. The terms

M j
ρ,A and M j

φ,A represent errors due to multipath of the signal. Errors due to multipath are

abrupt and therefore difficult to model, however, they can be detected through the receiver’s

internal operations. For the presented work, measurements with multipath are treated as

outliers and rejected. Compared to the pseudorange model, the carrier phase measurement

has an additional bias term N j
A which represents the carrier phase ambiguity. The carrier

phase ambiguity is an integer number of cycles that is unknown to the receiver.

4.2.2 Dynamic Base RTK

The Dynamic Base RTK (DRTK) algorithm is used to provide high precision estimates

of the relative position vector between two receivers. The DRTK algorithm is a 3 step

process consisting of 1) estimating approximate values of carrier phase ambiguity, 2) fixing

the ambiguity estimates as integer values and 3) estimating the RPV using the fixed integer

range measurements.

Single Differenced Observations

It is useful to define the single differenced pseudorange and carrier phase observables as

a precursor to the DRTK algorithm. The single differenced measurements are computed by

subtracting the pseudorange and carrier phase from two GPS receivers, A and B. The benefit

of subtracting the measurements is that the atmosphere induced delays and the satellite

clock errors are highly correlated in the measurements from two vehicles in relatively close

proximity. Models of the single differenced measurements are given in Equations (4.3) and

(4.4).

ρjAB = ρjB − ρ
j
A = (rjB − r

j
A) + cδtAB + εj∆ρ (4.3)

φjAB = φjB − φ
j
A = (rjB − r

j
A) + cδtAB + λN j

AB + εj∆φ (4.4)
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The atmospheric and satellite clock errors are canceled out by differencing the measurements.

The remaining terms are combined as δtAB = δtB − δtA and N j
AB = N j

B −N
j
A.

With knowledge of the system geometry, the scalar ranges can be decomposed into their

3D components using

rji = Gj
ir

j
i (4.5)

where Gj
i is the geometry matrix which contains the unit vectors from receiver i to satellite

j as shown in Equation (4.6) [25].

Gj
i =

[
rji,x

‖rji ‖
rji,y

‖rji ‖
rji,z

‖rji ‖

]
(4.6)

From Equation (4.6) and defining rAB = rB − rA, the single differenced observations can be

written in matrix form as shown in Equation (4.7).

 ρjAB

φjAB

 =

 Gj 1

Gj 1


 rAB

cδtAB

+

 0

λ

N j
AB +

 εj∆ρ

εj∆φ

 (4.7)

Equation (4.7) assumes that the line-of-sight unit vector from receiver to satellite is

approximately equal for receivers A and B. This is reasonable given the proximity of the

receivers relative to the distance to the satellites. For the remainder of the derivation, the

geometry matrix is assumed to have known values.

Ambiguity Estimation

The carrier phase ambiguities are estimated using a Kalman filter with measurements

as described in the previous section. The state vector (x) is defined as

x =

[
N1,L1

AB . . . Nm,L1

AB N1,L2

AB . . . Nm,L2

AB

]T
(4.8)
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and contains two ambiguities (one on GPS L1 and one on GPS L2) for each satellite that

is being tracked by the receivers on both vehicles. For m satellites, the state vector has

dimension of 2m× 1.

To isolate the ambiguities from the line of sight range, Equation (4.7) is pre-multiplied

by the null space of the geometry matrix (Lj) as

Lj

 ρjAB

φjAB

 = Lj

 0

λ

N j
AB +

 εj∆ρ

εj∆φ

 (4.9)

where the null space of the geometry matrix is the matrix that satisfies Equation (4.10).

Lj

 Gj 1

Gj 1

 = 0. (4.10)

With the use of the null space operation, the range components in Equation (4.7) are removed

in Equation (4.9). The measurement model now fits the form z = Hx + ε according to the

equations below.

z = L

 ρAB
φAB

 (4.11)

H = L

 0

λI

 (4.12)
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The measurement update of the Kalman filter is then performed as shown in Equations

(4.13–4.15).

K = P−k HT (HP−k HT + R)−1 (4.13)

x̂+
k = x̂−k + K(z−Hx̂−k ) (4.14)

P+
k = (I−KH)P−k (4.15)

In practice, the measurement noise matrix (R) is calculated based on the carrier-to-noise

density ratio of the received signal as shown in [25].

Since the carrier ambiguities are constant values, the Kalman filter time update is trivial.

The state transition matrix is an identity matrix. A small non-zero process noise matrix is

used to prevent the filter from ignoring new measurements after initial convergence.

Ambiguity Fixing

The state estimates resulting from the Kalman filter are float-valued carrier phase am-

biguities. Knowing that the true ambiguities are integers, these estimates can be refined

in a process called integer ambiguity fixing. The carrier phase ambiguity integer fixing is

performed using the LAMBDA method developed in [59].

Recall that the carrier phase ambiguities estimated in the Kalman filter are the single

differenced ambiguities (i.e., the difference between the carrier phase ambiguity of receiver A

and B). Also note that the single differenced measurement models show that the measure-

ments are dependent on the receiver clock error. The Kalman filter estimates are therefore

dependent on receiver clock stability. To remove the dependency on the receiver clock error,

the double differenced ambiguity estimate is computed prior to using the LAMBDA method

to determine the fixed integer values. The vector of double differenced ambiguities is calcu-

lated by multiplying the single differenced estimates by a linear transform where one estimate
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is selected as the base measurement and is subtracted from all other measurements. An ex-

ample of the transform (with the second measurement selected as the base measurement) is

shown in Equation (4.16).

N∇∆
AB = C∇∆NAB =



1 −1 0 0

0 −1 0 0

0 −1 1 0

0 −1 0 1


NAB (4.16)

In this equation, C∇∆ is the matrix which transforms the ambiguities to the double differ-

enced space.

The LAMBDA method determines the statistically optimal set of integer values based

on the float-valued estimates (x̂) and associated covariance matrix (P) as provided by the

Kalman filter. First, the state covariance matrix is transformed to the double differenced

space using C∇∆ as shown in Equation (4.17).

P∇∆ = C∇∆PCT
∇∆ (4.17)

Multiple candidate sets of integer values are produced by the LAMBDA method. The ratio

test described in [59] is used for deciding to select or reject the optimal integer set.

Relative Position Vector Estimation

The double differenced carrier phase measurements (φ∇∆
AB = C∇∆φAB) are used to

estimate the RPV between receivers (rAB) after accounting for phase ambiguity. A least

squares procedure is used to produce the RPV estimate as shown in Equation (4.18).

r̂AB =
[
GT
∇∆R−1

∇∆φG∇∆

]−1
GT
∇∆R−1

∇∆φ(φ∇∆
AB − λN∇∆) (4.18)
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Assuming that the integer ambiguities were resolved to their true values, the only noise

acting on the RPV estimate is the random noise of the carrier phase measurements. The

covariance of the RPV estimate resulting from the least squares estimate procedure is cal-

culated as shown in Equation (4.19)

PrAB
= (GT

∇∆R−1
∇∆φG∇∆)−1 (4.19)

The RPV estimate and associated covariance are output from the DRTK algorithm for use

in the higher-level sensor fusion.

4.2.3 Time Differenced Carrier Phase Odometry

The Time Differenced Carrier Phase (TDCP) method is used for providing high precision

estimates of vehicle odometry as the change in position of a single GPS receiver in time. This

procedure takes advantage of the spatial correlation of atmospheric errors in the carrier phase

measurement between consecutive measurement epochs.

Using the model provided in Equation (4.2), the change in the carrier phase measurement

for a single receiver from time tk−1 to time tk is given in Equation (4.20).

φjA,k − φ
j
A,k−1 = rjA,k + c(δtA,k − δtjk) + λ(T jA,k + IjA,k +N j

A,k) + εjφ,A,k . . .

− rjA,k−1 − c(δtA,k−1 − δtjk−1)− λ(T jA,k−1 + IjA,k−1 +N j
A,k−1) + εjφ,A,k−1

(4.20)

For short time periods, the satellite clock error along with the ionospheric and tropospheric

delays are nearly constant. Also, assuming the receiver maintains lock on the phase of the

received signal, the carrier ambiguity is constant. Therefore, those errors are removed by

subtraction and the time differenced carrier phase measurement model is reduced as shown
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in Equation (4.21).

φjA,k − φ
j
A,k−1 = ∆φjA,k|k−1 = (rjA,k − r

j
A,k−1) + c(δtA,k − δtA,k−1) + εjφ,A,k|k−1

= (rjA,k − r
j
A,k−1) + cδtA,k|k−1 + εjφ,A,k|k−1

(4.21)

Using Equation (4.5), the line of sight ranges (rjA,k and rjA,k−1) in Equation (4.21) are

decomposed into the line of sight unit vectors and the RPV from receiver A to satellite j

(rjA) as shown in Equation (4.22).

∆φjA,k|k−1 = Gj
kr

j
A,k −Gj

k−1r
j
A,k−1 + cδtA,k|k−1 + εjφ,A,k|k−1 (4.22)

Assuming the unit vectors do not change significantly over the time interval (Gj
k ≈ Gj

k−1),

Equation (4.22) can be written as shown in Equation (4.23).

∆φjA,k|k−1 = Gj
k(r

j
A,k − r

j
A,k−1) + cδtA,k|k−1 + εjφ,A,k|k−1

= Gj
k(rj,k − rj,k−1)−Gj

k(rA,k − rA,k−1) + cδtA,k|k−1 + εjφ,A,k|k−1

= Gj
krj,k|k−1 −Gj

krA,k|k−1 + cδtA,k|k−1 + εjφ,A,k|k−1

(4.23)

In this equation, rj is the global position of satellite j which is known from the decoded

ephemeris data. Equation (4.23) can then be arranged as

∆φjA,k|k−1 −Gj
krj,k|k−1 = −Gj

krA,k|k−1 + cδtA,k|k−1 + εjφ,A,k|k−1

=

[
−Gj

k 1

] rA,k|k−1

cδtA,k|k−1

+ εjφ,A,k|k−1

(4.24)
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which fits the form z = Hx + ε with

z =


∆φ1

A,k|k−1 −G1
kr1,k|k−1

...

∆φmA,k|k−1 −Gm
k rm,k|k−1

 (4.25)

H =


−G1

k 1

...

−Gm
k 1

 (4.26)

x =

 rA,k|k−1

cδtA,k|k−1

 (4.27)

Least squares can then be used to estimate the state vector (x) in the above equations. The

estimated change in position along with the associated covariance matrix are output from

the TDCP algorithm for use in the higher-level sensor fusion.

4.2.4 Error Characterization

Experimental data was collected for characterizing the errors of the TDCP and DRTK

outputs. Two Novatel receivers, described further in Chapter 6, collected raw GPS observ-

ables from antennas spaced approximately 50 m apart. For this characterization data, the

two antennas remained stationary and data was collected over a two minute duration. This

duration allows for a constant geometry and availability of GPS satellites from which a clear

multi-variate distribution would manifest. The covariance reported from the differential

GPS algorithms are compared to that of the sample distribution by visually inspecting the

3σ covariance ellipse over a 2D scatter plot [53].

The results are shown in Figure 4.2 for DRTK outputs and Figure 4.3 for the TDCP

outputs. In these figures, the samples have the bias removed by subtracting the mean

of the data and the covariance ellipses are plotted about the origin. These figures show

that the reported and empirical covariance ellipses share resemblance in both magnitude
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and orientation. The magnitude of the ellipse speaks to the accuracy of the output, where

99.7 % of the error samples should fall within the 3σ ellipse [60]. The ellipse also shows

the cross correlation, indicated by the skewed orientation of the ellipse. By using the full

covariance matrix in a higher-level estimator, the fusion will properly weight the direction

of measurement corrections.

Figure 4.2: DRTK Covariance Analysis

4.3 Body-Centric Odometry Using Onboard Sensors

Body-centric odometry is a measurement of the change in a vehicle’s position and head-

ing between two instances in time. This measurement is derived from integrating a vehicle

motion model over a set time interval. There are many different ways of deriving body-

centric vehicle odometry, e.g., from an inertial navigation system [61], visual odometry from

cameras [62], or iterative closest point (ICP) from lidar data [63], just to name a few. The

method used in this dissertation uses wheel speeds and yaw rate for deriving body-centric

vehicle odometry. Wheel speed and yaw rate measurements were chosen for this application

given that they are commonly available as signals on the CAN bus of production vehicles.
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Figure 4.3: TDCP Covariance Analysis

4.3.1 Onboard Sensor Measurements

Wheel Speeds

Wheel speeds are measured by encoders which measure the number of discrete ticks

in a time period. The number of ticks are converted to an angular distance using the

known value of ticks per revolution of the encoder. Numerically differentiating the angular

distance over the elapsed time results in a measure of the wheel’s angular rate. An embedded

system performs these lower level calculations at a high frequency to reduce errors due to

the approximation of angular rate.

Assuming zero longitudinal slip, the wheel’s linear speed can be calculated from the

tire radius. The onboard system uses a nominal tire radius to convert the values to linear

speed before reporting to the CAN bus. The tire radius, however, is subject to change due

to varying tire pressure or varying temperatures which influence tire pressure. The change

in radius will result in a scaling error in the resulting wheel speed. To compensate for

this error, a calibration routine is performed at the start of each run and intermittently
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throughout a run. Using the reference GPS-INS system as a speed reference, a maximum

likelihood estimator is employed to determine the best scaling value to apply to the wheel

speed measurements [53].

The wheel speed error distributions for both before and after compensating for wheel

radius scaling are shown in Figure 4.4. The distribution shows a characteristic bell curve of a

Gaussian distribution. These errors can then be characterized by a standard deviation value

that will be used to model the confidence assigned to body-centric odometry measurements.

The standard deviation of speed errors taken empirically over the data set is 7.8 cm/s. Note

that some of the error in Figure 4.4 is due to the reference system, which reported a standard

deviation of approximately 4.3 cm/s throughout the run. After accounting for the reported

accuracy of the reference system, the value of the wheel speed standard deviation (σws) was

taken to be 6.5 cm/s.

Figure 4.4: Wheel Speed Error Distribution Before and After Radius Compensation
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Yaw Rate

The yaw rate is measured by a gyroscope that is mounted to the vehicle’s chassis and

measures rotation about the z-axis. The errors in gyroscope measurements are predomi-

nantly due to white noise and biases caused by thermal effects on the sensor. Other errors

include misalignment errors and scaling errors, which are largely deterministic and can be

addressed in a factory calibration routine [27].

The error model for yaw rate (ψ̇) measured by the gyroscope is

ω = ψ̇ + bω + νω (4.28)

where ψ̇ is the true yaw rate, bω is the bias, and νω is the additive noise [32]. The additive

noise is modeled as zero-mean Gaussian with standard deviation (σω) as defined in the

equation below.

σ2
ω = E

[
ν2
ω

]
(4.29)

The bias term is stochastic in nature and will vary (“walk”) throughout a run. There are

many different ways to estimate and account for the bias. One option would be to estimate

the yaw rate bias online by appending the state vector of the graph-based estimator given

in Equation (3.17). This, however, is outside the scope of the presented work and would

require extensive modifications to the estimator. Other methods exist, such as estimating

the bias online using a GPS/INS system or a vehicle model with steer angle inputs [30].

These methods were not used for the sake of brevity and for keeping the solution as platform

independent as possible.

For the results shown in Chapter 6, a bias value is estimated prior to each data collection

using a 60 second static initialization period. With the vehicle stationary, the true yaw rate

is zero, and the bias value is taken as the average of the yaw rate readings over the stationary

interval. The resulting bias value is then removed from the yaw rate measurements over the

entire run. In this way, the dynamics of the yaw rate bias are neglected (ḃω = 0). It’s
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assumed that any errors caused by a walking bias term are small compared to other error

sources in the body-centric odometry model.

Another source of error in yaw rate measurement is the breakdown of the planar motion

assumption. The planar motion assumption implies that the z-axis of the body frame is

aligned with the D-axis of the navigation frame. However, this is not always the case in the

real world due to roll and pitch angles caused by vehicle dynamics and the bank and grade

angles of the road. Any unaccounted for misalignment between the z and D axis will bias

the true yaw rate about the D axis. To demonstrate the magnitude of these misalignment

errors, Equation (A.6) of the appendix is used to calculate yaw rate errors over a range of

roll angles at three different yaw rates. The resulting yaw rate errors can be seen in Figure

4.5.

Figure 4.5: Yaw Rate Errors Due To Roll Angle With Planar Motion Assumption

For context, consider the non-planar errors present in the NCAT data set, whose results

are shown in Section 6.2.2. In this data set, the test vehicles experience roll angles of ~8°

at yaw rates of ~7.5° through the banked turns. The yaw rate measurements in this case

will be biased by 0.07 °/s due to the breakdown of the 2D planar motion assumption. This
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value is taken into account when choosing the noise level assigned to yaw rate measurements.

Future work may consider using a 3D motion model for body-centric odometry to properly

compensate for the biasing effect of the non-planar yaw rate errors.

The value of σω used in the results that follow was chosen to be 0.2 °/s. This value

was chosen from empirical analysis of the system as presented in Section 4.3.3. The value is

meant to encompass any uncertainty in the bias compensation as well as breakdowns in the

planar motion assumption.

4.3.2 Body-Centric Odometry Calculation

The vehicle provides four independent wheel speed measurements at each wheel: front

left (ωFL), front right (ωFR), rear left (ωRL), and rear right (ωRR). These are measurements

of the wheel’s angular rate in radians/second and, given the wheel radius (Rw), the linear

speed is calculated as wFL = RwωFL, wFR = RwωFR, wRL = RwωRL and wRR = RwωRR.

These values can be seen in the four tire diagram shown in Figure 4.6.

Figure 4.6: Four Tire Diagram [1]
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Figure 4.6 also shows the instantaneous center of rotation for the vehicle assuming no

lateral slip at the tires. By nature of the geometry, the inside wheels have a lower speed

than the outside wheels. Also, the vehicle is designed with Ackermann steering geometry so

that the front tires can travel in concentric circular patterns [1].

To simplify the problem, the bicycle model is used, which collapses the model to a single

wheel on the front and rear axle. The equivalent wheel speed for each axle is taken as the

average speed of the left and right wheels. Assuming no lateral slip, the front and rear tires

of the bicycle model trace the same path and travel at the same speed. Also assuming no

lateral slip, the velocity of the vehicle at the center of the rear axle (vbc) will have zero lateral

component [1]. From this, a velocity vector is formed as vbc = [ w̄ , 0 ]T where w̄ is taken from

averaging all four wheel speeds (w̄ = (wFL + wFR + wRL + wRR)/4.

An assumption of zero longitudinal slip is made when using wheel speeds for vehicle

velocity. This is a reasonable assumption when force is not being applied by the tires. In

fact, the force is proportional to wheel slip and one cannot exist without the other [1].

This relationship is considered when choosing which wheels are used for velocity calculation.

When the vehicle is coasting (no torque is applied from the drive/braking system), all wheels

are used. In all cases, the non-drive wheels (the front two wheels for the rear-wheel drive

vehicle) are used. During braking events, all wheel speeds are used and the effects of slip are

present, which results in a source of error in the velocity measurements. This was a design

decision which emphasizes availability of the body-centric odometry over any biasing effects

from slip during these times.

Using a rigid body assumption on the vehicle chassis, the velocity at the control point

(vbp) can be calculated as a function of the velocity at the rear center axle and rotation

rate. The equation governing the motion at the control point is given below in Equation

(4.30) [65].

vbp = vbc + Ω× rbp|c (4.30)

79



Neglecting the rotation about the x and y axes allows for Ω =
[

0 , 0 , ψ̇
]T

. Also, assuming

that the control point is located on the vehicle’s center line at distance b ahead of the rear

axle leads to rbp|c = [ b , 0 , 0 ]T . The velocity at the control point can be formed as shown in

Equation (4.31).

vbp =

 w̄

b ψ̇

 (4.31)

Next, a state vector (xVM) is defined for use in propagating the vehicle motion between

measurement intervals. The state vector, given in Equation (4.32), includes the 2D position

(xrel, yrel) and yaw (ψrel) of the vehicle at the control point with respect to the reference

frame defined by the vehicle’s initial pose.

xVM =


x1

x2

x3

 =


xrel

yrel

ψrel

 (4.32)

The motion model (fVM) describes the rate change of the state vector (ẋVM) as a function

of the current state, model inputs (u) and model disturbances (ν).

ẋVM = fVM (xVM ,u,ν) (4.33)

For the presented vehicle model, the motion model is given below.

fVM (xVM ,u,ν) =

 Co
b(ψrel)v

b
p

ψ̇

 (4.34)
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In the above equation, Co
b(ψrel) is the rotation matrix from the vehicle frame to the odometry

reference frame as shown below.

Co
b =

 cos (ψrel) sin (ψrel)

− sin (ψrel) cos (ψrel)

 (4.35)

The input vector u consists of wheel speed and yaw rate as u = [u1 , u2 ]T =
[

w̄ , ψ̇
]T

.

The disturbances are modeled as having three separate components: the noise acting

on wheel speed (νw), the noise acting on yaw rate (νψ̇), and the zero sideslip modeling

error (νvy) such that ν = [ ν1 , ν2 , ν3 ]T =
[
νw , νψ̇ , νvy

]T
. Each disturbance acts on the

model in a different way. The wheel speeds and yaw rate disturbances are additive to their

corresponding measurements. The zero sideslip disturbance is included in the model in the

y component of vbc.

The disturbance acting on wheel speed and yaw rates are modeled as zero-mean Gaussian

noise as characterized in the previous section. The zero sideslip modeling error term is meant

to capture additional uncertainties in the model. In real-world conditions, this disturbance

is correlated in time (i.e., the slip will bias in one direction through the entirety of a turn).

However, for use in the estimation scheme, this disturbance is treated as white noise without

temporal correlation. In practice, this value serves as a tuning parameter based on the

expected dynamics in a run.

The disturbances have a covariance matrix (Qc) as defined in Equation (4.36).

Qc = E
[
ννT

]
=


σ2
ws 0 0

0 σ2
ψ̇

0

0 0 σ2
vy

 (4.36)

The disturbances are modeled as independent and uncorrelated, resulting in zeros in the

off-diagonals of Qc. Plugging in from previous equations, the motion model can be shown
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as a function of the states, inputs, and disturbances as shown below.

fVM (xVM ,u,ν) =


cos(x3)(u1 + ν1)− sin(x3)(ν3 + b(u2 + ν2))

sin(x3)(u1 + ν1) + cos(x3)(ν3 + b(u2 + ν2))

u2 + ν2

 (4.37)

The covariance of the body-centric odometry is an important factor for use as a measure-

ment in the higher-level sensor fusion. For calculating body-centric odometry covariance, the

covariance of the propagated state is also maintained throughout the propagation process.

xVM is defined as the true vehicle pose with respect to the odometry frame. Accordingly,

x̂VM is the value of xVM attained through propagation of the motion model with all its un-

certainties. The error in the propagated state (eVM = xVM − x̂VM) has a covariance matrix

(PVM) as defined in Equation (4.38).

PVM = E
[
(eVM)(eVM)T

]
(4.38)

The state covariance matrix evolves in time according to the Lyapunov equation as

shown in Equation (4.39) [53].

ṖVM = AcPVM + PVMAT
c + DcQcD

T
c (4.39)

The matrices (Ac) and (Dc) are the Jacobian matrices of the motion model as defined in

Equations (4.40) and (4.41), respectively.

Ac =
∂fVM
∂xVM

∣∣∣∣
(xV M ,u,ν)

=


0 0 − sin(x3)(u1 + ν1)− cos(x3)(b(u2 + ν2) + ν3)

0 0 cos(x3)(u1 + ν1)− sin(x3)(b(u2 + ν2)− ν3)

0 0 0

 (4.40)
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Dc =
∂fVM
∂ν

∣∣∣∣
(xV M ,u,ν)

=


cos(x3) −b sin(x3)

sin(x3) b cos(x3)

0 1

 (4.41)

In practice, the motion model is integrated between specific time intervals to produce a

body-centric odometry measurement. At the start of each interval, the state vector is reset

to all zeros, thereby defining the odometry reference frame. On initialization, the error is

known to be zero and the initial state covariance matrix is set to all zeros. The models given

in Equation (4.37) and Equation (4.39) are used to propagate x̂VM and PVM throughout

the interval, all while updating ψ̇ and w̄ as new measurements are obtained. At the end of

the interval, the final state value and covariance are extracted for use as a measurement in

the graph-based path estimator.

4.3.3 Error Characterization

Experimental data was used to evaluate the errors involved in body-centric odometry

calculation. The data was taken from a typical highway driving scenario with the experi-

mental platform described later in Chapter 6. The onboard measurements of wheel speeds

and yaw rates are sampled at 50 Hz while body-centric odometry is calculated and output at

a rate of 2 Hz. The outputs are compared to ground truth provided by a GPS-INS system.

The resulting body-centric odometry errors are shown in Figure 4.7 along with a 3σ

bound taken from the reported covariance. The 3σ bound envelops a majority of the corre-

sponding errors, which gives credibility to the variance reported by the odometry module.

The RMS of the errors, taken over the length of the data set, are 2.2 cm for ∆x, 1.9 cm for

∆y, and 0.018° for ∆ψ.

The errors from Figure 4.7 are shown as an error probability distribution in Figure 4.8.

Also shown in Figure 4.8 is the Gaussian bell curve associated with the model’s reported

covariance. The empirical distribution doesn’t exactly fit the Gaussian bell curve which

indicates that there are non-Gaussian errors acting on the model. The non-Gaussian shape
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Figure 4.7: Body-Centric Odometry Errors vs. Time

is a result of the unmodeled errors described previously: wheel slip, breakdowns in the 2D

planar assumption, and yaw rate bias. However, the important result of this plot is that the

bell curve encompasses most of the empirical error distribution so that the measurements

are weighted appropriately in the graph-based path estimator.

Figure 4.8: Body-Centric Odometry Error Distributions
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4.4 Landmark Feature Extraction

The estimator described in Chapter 3 was presented with generic landmark observations

resolved in the vehicle’s body frame. Many different perception-based sensors are capable

of producing such an observation (e.g., radar, lidar, camera). The process of producing a

landmark observation from raw perception data is referred to as feature extraction. Feature

extraction is non-trivial and has been the subject of a plethora of research in recent decades.

Many commercial automotive groups have entire divisions dedicated solely on processing

perception data. The approaches for feature extraction are often tailored to the particular

type of sensor.

This section will focus on feature extraction from lidar data, which is the sensor used in

experimental validation in this dissertation. First, a general overview of feature extraction is

provided and followed by an overview of the lidar sensor’s operation. The remaining sections

will describe the particular methodologies employed in this work. This includes a section on

point cloud pre-processing followed by sections on road sign and pole-like feature detection.

4.4.1 Feature Extraction Overview

The process of feature extraction can be broken down into two main components: detec-

tion and description. The detection step takes raw sensor data, such as a camera image or a

point cloud, and selects a set of distinct points that stand out from the scene. By extracting

features, the dimensionality of a set of data is significantly reduced, which alleviates the

demand on bandwidth and processor resources. For example, the 3D point cloud shown in

Figure 4.9 is made up of thousands of unsorted 3D points which have little context on their

own. A feature extraction algorithm may detect the cylindrical object in the foreground (a

tree) in addition to a number of other corners and edges not easily perceived by the human

eye. The criteria for what should be considered a feature is arbitrary so long as the same

feature can be repeatedly detected in a scene. In the case of place detection or collaborative

navigation, the feature should be detectable regardless of vantage point.
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Figure 4.9: Point Cloud Data of a Cylindrical Landmark Environment

The description component of feature extraction is an important aspect for data associ-

ation. For each feature detected in a scene, the raw perception data is used to describe that

feature in the form of a descriptor [66]. Descriptors often look at the geometry of neighboring

points/pixels along with other available data such as intensity and color [67]. The descriptors

will be used to associate features from one scene to another. A successful descriptor will be

capable of unambiguously identifying a feature regardless of vantage point. In the example

shown in Figure 4.9, one may choose to describe the tree feature by the radius of the trunk,

which should be consistent across different vantage points. However, this choice of descriptor

will likely break down as more trees of similar size are detected. The descriptor could be

improved further by considering the geometry of neighboring points.

4.4.2 Lidar Overview

Lidars calculate time-of-flight range measurements from light packets that are reflected

from the environment. Each range measurement is associated with a particular azimuth and
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elevation angle. In effect, the lidar provides a dense cloud of points in cartesian space of the

surrounding environment, also known as a point cloud. Each point is also associated with an

intensity reading. The intensity reading is influenced by the incident angle of the reflected

surface along with the surface material [68].

A single-channel lidar, also referred to as planar or 2D lidar, rotates about a single axis

and measures range and azimuth angle at regular intervals. In many cases, a single-channel

lidar can be used to provide 3D information of the environment by pitching the sensor frame

with respect to the vehicle’s direction of travel. Due to the scanning nature of lidar sensors,

the data is commonly described in terms of polar coordinates.

The Velodyne VLP-16 was chosen as the lidar for experimental validation in this disser-

tation. The VLP-16 consists of 16 channels that rotate about the same axis and are equally

spaced in elevation angle increments of 2°. Each channel scans with a 360° field-of-view with

range measurements spaced approximately 0.2° in azimuth. The reflecting mirrors rotate at

600 RPM, which results in a full 360° point cloud every tenth of a second and nearly 30,000

points per cloud.

Each point within the point cloud is subject to errors. The errors in the point’s range

measurement is predominantly due to random noise. In [68], controlled experiments per-

formed on a VLP-16 found this error to have a standard deviation of around 7.5 mm at

nominal range. The errors in the azimuth angle are small relative to the resolution of the

angular steps. The error model used in the detection process is approximated as Gaussian

with the 2σ value equal to half the azimuth step size.

The VLP-16 was designed for use on mobile robotic platforms and timing information

becomes increasingly important at higher speeds. The VLP-16 accepts external GPS timing

information which aids in synchronization for sensor fusion and in disciplining the rotating

motor. Additionally, when a GPS time fix is provided, the Velodyne will stamp individual

points with unique times. The vehicle motion can be used in combination with the precise

timing of each point to prevent warping of the point cloud at higher speeds.
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4.4.3 Point Cloud Pre-Processing

One major concern when using a scanning lidar at highway speeds is the point cloud

“warping” effect due to motion of the vehicle. Given that it takes ~0.1 s to form a full

rotation scan, even typical speeds will cause significant warping errors between the first and

last points measured in the rotation. At a moderate highway speed of 20 m/s (~45 mph), the

maximum range error for an individual point would be 2 m, which is well outside acceptable

accuracy.

To address this issue, the vehicle’s ego-motion is used. Ego-motion refers to the velocity

and angular rates of a body, resolved in the body frame of which the values are observed.

Given a set of timestamped points measured throughout a lidar’s rotation, the ego-motion

is used to transform the points to be with respect to the lidar’s position at a particular

time [69]. With all the points in a cloud transformed into the same respective frame, the

point cloud warping effect is mitigated.

The ego-motion compensation method is used to accumulate points over multiple full

rotations of the lidar scanner. Accumulating points over larger durations increases the point

cloud density compared to the density provided by a single lidar rotation. Increased point

cloud density provides a more detailed snapshot of the surrounding environment which aids

in the feature extraction process. For this dissertation, 0.5 s was used as the duration for

accumulating the lidar points. The dense point cloud is generated from the accumulated

points on each GPS epoch (sampled at 2 Hz) resulting in time synchronization between GPS

and landmark observations.

There are tradeoffs when choosing the duration used to accumulate points. Errors in the

ego-motion will accumulate throughout the duration and result in errors in the accumulated

point cloud. Body-centric odometry, as described in Section 4.3, is used for the ego-motion

compensation in this work. Based on the characterization shown in Section 4.3.3, this will

result in 1σ errors of 2.2 cm and 1.9 cm due to longitudinal and lateral drift, respectively.

88



Additionally, errors due to yaw drift will accumulate over the duration. For a landmark at

the maximum expected range of 100 m, the 1σ error in the points position will be 5.6 cm.

These values are considerably high compared to the lidar’s point range accuracy, but

they are worst case values: the errors between two points sampled at the start and end of

an accumulation period of a landmark at maximum range. In practice, this error source

did not significantly diminish the ability of feature extraction to detect landmarks in the

point cloud. Additionally, point cloud accumulation uncertainty is taken into account in the

landmark observation covariance model given later in Section 4.4.4.

4.4.4 Road Sign Feature Extraction

The first feature extraction method employed in this dissertation seeks to detect road

sign features in the environment. Road signs make excellent features for many reasons. First,

road signs are easily distinguished from the surrounding environment due to their flatness

and distinct shape. Further, the road sign’s smooth, metal composition and tendency to be

oriented towards traffic results in relatively high intensity readings. The intensity readings

can be used as an additional qualifier in the detection process [68]. Another benefit of using

road signs is that they are typically spaced in a way that provides suitable geometry for the

navigation solution and eases landmark correspondence.

The dense point cloud described in the previous section is used to perform sign feature

extraction. Figure 4.10 shows an example of a point cloud with a road sign in the scene

along with an image of the corresponding sign. The background of the visualization to the

left shows the 3D mesh of the vehicle on which the lidar is mounted. In the foreground are

the points returned from the road sign. The color of each point in the cloud is mapped to

the intensity reading. The road sign points stand out due to their high intensity readings

and planar geometry. This section will describe the process for automatically detecting road

sign features with these characteristics in mind.
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Figure 4.10: Raw Point Cloud of Road Sign Points in RViz [2] and Corresponding Image

For road sign detection, the cloud is first filtered based on a minimum intensity reading.

By considering only high intensity points, objects in the natural environment are largely

excluded. A clustering algorithm is then employed to group points based on their Euclidean

distance [70] with the following parameters:

• Minimum number of points: 5

• Cluster tolerance (minimum distance from one cluster to the next): 0.55 m

Each cluster is then treated as a candidate for a detected road sign. The clusters are

conditioned by their size, measured as the largest distance between two points in the cluster.

Only clusters below a certain width (1.8 m) are considered for road sign detection.

For the remaining candidate clusters, a least squares planar fit is applied for estimating

the object’s orientation. The quality of the fit, taken as the root mean squared (RMS) of

the residuals, is used for conditioning [53]. Only clusters with a low enough RMS value

(3 cm) are considered as road sign candidates. Conditioning by RMS removes objects like

telephone poles or neighboring vehicles, which do not fit a clean, flat plane. The planar fit

90



also provides the road sign’s relative orientation, which is saved as a unit vector of the plane’s

normal direction. The sign’s relative position measurement is taken from the centroid of all

points in the cluster.

A simplified, 2D example of the planar fit is shown in Figure 4.11. The line segment in

the figure corresponds to the sign’s orientation estimate resulting from the fit. The width

of the line segment corresponds to the sign’s approximated width. The line-of-sight to the

sensor is also shown, which comprises the relative position of the landmark observation.

Figure 4.11: Road Sign Landmark Line Fit Example

Road Sign Landmark Covariance Model

Next, a covariance is assigned to each detected road sign. This includes a covariance of

the relative position (x̃ and ỹ) and orientation (β̃) observations. The relative position covari-

ance is a function of the number of points (Np), the detected orientation of the sign, the step

size of the lidar’s azimuth angles (∆α), and the standard deviation of range measurements

for a single point (σρ).
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The errors in the detected position manifest primarily in the along-sign direction (tan-

gential to the sign) due to the limited azimuth angle resolution. At a distance of 60 m for

example, the points are separated by ~0.2 m and the sign could fall anywhere within +/-

0.1 m in its tangential direction. The true error distribution in the sign’s tangential direction

is uniform with a width equal to the distance between points (∆t), which is approximated

using the azimuth step size (∆α) and range measurement (r̃ =
√
x̃2 + ỹ2) as ∆t = r̃∆α.

This error is approximated as a Gaussian distribution by setting the 2σ value equal to half

the width of the uniform distribution as

σt =
1

4
(∆t) (4.42)

where σt is the standard deviation of the approximated Gaussian distribution in the tangen-

tial direction. This error contribution is rotated into the lidar frame using the sign’s relative

orientation measurement (β̃) as

Rt = C(β̃)

 0 0

0 σ2
t

C(β̃)T (4.43)

where C(∠) is the 2D rotation matrix operator.

Another error source in the detected relative position is errors in the range measurement

of each point. The point range error is treated as zero-mean Gaussian with a standard

deviation σρ = 7.5mm. As the number of points on a sign increases, the position uncertainty

in the lidar’s radial direction drops. This decrease in uncertainty is modeled as the averaging

of Np random variables. Therefore, the equation used to calculate the standard deviation in

the radial direction (σr) is given below.

σr =
σρ√
Np

(4.44)
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This error contribution is rotated into the lidar frame using the relative bearing to the sign

(α̃ = atan2(ỹ, x̃)) as shown in Equation (4.45).

Rr = C(α̃)

 σ2
r 0

0 0

C(α̃)T (4.45)

Next, the contributions from the radial and tangential error sources are combined by

summing the two covariance matrices. The resulting covariance matrix is resolved in the

lidar’s frame and is used as the relative position measurement covariance, RLM,pos.

RLM,pos = Rt + Rr (4.46)

The covariance assigned to the detected sign orientation comes from the covariance of

the least squares estimate (RLM,yaw) as shown in Appendix C. The orientation measurement

is assumed to be uncorrelated to the relative position measurement. From this, the 3 × 3

covariance matrix for the landmark observation (RLM) is formed as shown in Equation

(4.47).

RLM =

 RLM,pos 02×1

01×2 RLM,yaw

 (4.47)

The covariance model presented in this section provides a representative shape of the

error ellipse as is demonstrated in Section 4.4.6. The magnitude of the covariance model is

inflated in practice to account for uncertainties introduced in the point cloud accumulation

step. The inflation is applied as an additive term as

RLM,inf = RLM + Rinf (4.48)
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where Rinf is a diagonal matrix of inflation values as shown below.

Rinf =


σ2
x,inf 0 0

0 σ2
y,inf 0

0 0 σ2
yaw,inf

 (4.49)

The values of σx,inf , σy,inf , and σyaw,inf were chosen to be 1 cm, 2.5 cm, and 1.5° respectively.

The inflated covariance is applied to the covariance model for both the simulation and

experimental results in the chapters that follow.

4.4.5 Pole Feature Extraction

Another landmark type used in this dissertation is vertical, pole-like objects. Figure

4.12 shows an example of two poles detected from an accumulated point cloud as described

previously in Section 4.4.3. In this figure, the poles are depicted as cylindrical markers that

fit the scattered points that make up the pole object. This figure also shows the vehicle body

frame and sensor frame from which the poles were detected.

Pole-like landmark types are ideal for detection with mobile lidar data and navigation.

For one, these objects are commonly found in many environments: utility poles are often

placed alongside major highways, support structures are commonly available in urban areas,

and trees can be used for navigation in forestry applications. Another reason for using pole-

like landmarks is their distinct geometric properties that help distinguish these objects in

a lidar point cloud. Since these objects are vertical, the associated points in the cloud are

stacked and often fairly isolated from neighboring points. With these distinct geometric

properties in mind, a detection algorithm is employed for automatically classifying pole-like

objects from lidar data and determining their center positions.

One important distinction between pole-like landmarks and road sign landmarks is the

lack of a dominant orientation in the yaw angle. The poles of interest are cylindrical and

vertical and therefore appear similar to a lidar from all vantage points. These objects, while

94



Figure 4.12: Pole Detection in Dense Point Cloud in RViz [2]

lacking a dominant yaw orientation, are still beneficial for localization by observing their

relative position. In terms of a Relative Position Graph, these observations are considered

degenerate as described in Section 3.8. Fortunately, the graph-based estimation approach is

poised for handling degenerate observations.

The algorithm used for the detection of pole-like objects is adapted from the method

employed by Lehtomäki in [71] with an additional step to refine the landmark position. The

algorithm in [71] consists of segmenting and classifying points as belonging to a pole feature.

The landmark position is then refined by estimating the pole’s center based on the cluster

of points. Last, an error model is used to assign the covariance of the extracted landmark

observation.

Pole-Like Object Point Classification and Segmentation

The classification and segmentation step seeks to classify points corresponding to pole-

like objects and to group them for later refinement. A typical clustering algorithm will not
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work with the full point cloud since pole-like features are adjoined by ground points, power

lines, tree canopies, etc. So instead, the algorithm works incrementally on slices of the point

cloud [71].

The full point cloud is split up according to the ring/channel by which they were mea-

sured. For each ring, cartesian clustering is performed to group points within 0.3 m of each

other. The clustering is performed in the 2D space to account for any gaps in the point cloud

due to shadowing or other occlusions. The clusters are tagged with the following geometric

properties: 2D centroid position, centroid height, and width (taken as the largest distance

between two points in the cluster). Each cluster is then conditioned to be considered as part

of a pole-like object using the following criteria:

• The width of the cluster is less than the max expected pole diameter (0.6 m)

• The cluster contains sufficient number of points (5)

The next step is to group clusters along the vertical dimension. The clusters in the

lowest ring are used as seeds in the region growing algorithm and are saved as candidate

pole clusters. The clusters from the next ring are then considered. Each cluster in the ring

is compared to each candidate pole cluster in search of a match. A match is assigned if the

following conditions are met:

• The clusters are sufficiently vertical: the tilt angle between centroids is less than the

max expected pole tilt angle (15°)

• The clusters are within a similar height: the difference in height is less than 1.5 m

• The clusters are similar width: the percent difference in width is less than 100 %

The algorithm then steps through each ring and grows the regions for candidate pole clusters.
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Principal Component Analysis for Pole Direction Vector

Principal Component Analysis (PCA) is then performed on each candidate pole cluster

and used for further refinement of the extracted landmark position. The set of points within

a cluster are used to calculate the eigenvalues and eigenvectors. The eigenvector associated

with the largest eigenvalue is taken as the pole’s direction vector [72]. Together, the eigen-

vectors form a rotation matrix from the sensor frame to the eigenspace, which is defined by

the cluster’s principal axes.

The covariance matrix of the pole cluster (Σ) is calculated as

Σ =
Nc∑
i=1

(pi − p̄)(pi − p̄)T (4.50)

where Nc is the number of points in the cluster and p̄ is the cluster’s centroid position,

calculated as shown below.

p̄ =
1

Nc

Nc∑
i=1

pi (4.51)

By definition, Σ is symmetric, positive, and semi-definite and therefore can be decomposed

and written as

Σ =

[
e1 e2 e3

]
λ1 0 0

0 λ2 0

0 0 λ3


[

e1 e2 e3

]T
(4.52)

where e1, e2 and e3 are the eigenvectors with corresponding eigenvalues λ1, λ2 and λ3. The

eigen decomposition is performed such that the eigenvalues are in ascending order (λ1 <

λ2 < λ3).

The result of PCA is twofold. For one, the object’s shape can be inferred from the value

of the eigenvalues. For elongated clusters (such as that of a cylinder), the third eigenvalue

will be much greater than the other two (λ3 � λ2 ≈ λ1). The PCA also provides a rotation

matrix which can be used to transform all points to the eigenspace. The rotation matrix is

formed from the eigenvectors as Ce = [ e1 , e2 , e3 ].
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The direction vector is used to calculate the tilt angle (the angle between the direction

vector and the vertical axis). Additionally, the height of each cluster is taken as the difference

in height between the highest and lowest points in eigenspace. These characteristics are used

for further conditioning of the candidate sets with the following criteria:

• The height must exceed the minimum expected pole height (3 m)

• The tilt angle is less than the max expected pole tilt angle (15°)

Hough Transform for Pole Center Position Determination

At this point, the algorithm has found a set of clusters, each containing points of indi-

vidual pole landmarks. The landmark observation (relative position) must then be extracted

from the set of points for use in localization. A straight-forward approach would be to take

the landmark position as the geometric centroid of all points in the cluster (p̄), however,

this leads to bias in the extracted position. Due to the lidar’s perspective, the points only

make up a small arc of the full cylinder and the centroid is biased in the direction of the

lidar compared to the true center of the pole.

To extract a landmark observation that is rotation invariant, the position of the cylin-

der’s center should be used instead. The center position is estimated from the arc created

by the lidar points using the Hough Transform [73]. The Hough Transform is a technique

popularized in the computer vision field for estimating the parameters of geometric patterns

in unorganized data. A common example is the use of the Hough Transform to detect lines

within a pixelated image, however, this technique can be used with any parameterized shape

in different types of data.

In this case, the Hough Transform is used to fit a circle from a set of scattered points

and estimate the circle’s 2D center position and radius. The Hough Transform is well suited

for this case for a number of reasons. For one, the Hough Transform operates over a defined

search space which limits possible values of center positions and radius. This is preferable

compared to other methods, such as least squares, which can suffer from numerical issues or
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result in infeasible values of radius [74]. Moreover, the Hough Transform is a voting-based

approach and is therefore less susceptible to outliers (knots on trees, signs attached to poles,

etc). Details on the Hough Transform Circle Fit operation can be found in Appendix D.

The first step in estimating the pole’s center position is to rotate the 3D points into

the cluster’s eigenspace using the rotation matrix provided by PCA (Ce). In this way, the

z-axis (z′) aligns with the length of the pole, the y-axis (y′) aligns with the exposed face of

the pole, and the x-axis (x′) follows orthogonally. The x and y components of the rotated

points form a semicircle as shown in Figure 4.13. The 2D data is used to perform the circle

fit for determining the center position (a, b) and radius (R).

Figure 4.13: PCA Hough Transform Circle Fit Example

The next step is to determine the search space of possible values of circle parameters.

The minimum and maximum expected radius is determined from some knowledge of the

environment. For the case of utility pole and tree detection, the minimum and maximum

radius were chosen as 0.1 and 0.3 m, respectively. The search space of the center position is

chosen based on intuition of lidar operation: the points returned from a lidar will always lie

somewhere between the sensor and the pole’s true center. The search space for a is taken

from the left and right-most points. The search space for b is taken from the closest point

99



plus the minimum expected radius to the closest point plus the maximum expected radius.

The square shown in Figure 4.13 represents the center position search space for the points

shown.

The Hough Transform Circle Fit, as described in Appendix D, is then performed using

the x′ and y′ components of the Np points with a search space as described above. The z

component of the cylinder’s center position (ẑ′c) is taken as the midpoint between the max

and min z′ values. The center position estimate (pec =
[
â , b̂ , ẑ′c

]T
) is rotated back into the

original frame using the rotation matrix as shown below.

psc = (Ce)Tpec (4.53)

Pole Landmark Covariance Model

The covariance assigned to a pole feature is used to weight the observation in the

higher-level sensor fusion. The model for calculating the covariance of the estimated circle

fit parameters comes from the geometry of the sample points used in the fit. It was shown

in [75] that the covariance of the circle fit parameters is not a function of the radius, but of

the number of points and their spatial distribution. First, xfit is declared as a vector of the

true circle parameters (xfit = [ a , b , R ]T ) and x̂fit as a vector of the estimated values. The

circle fit covariance (Rfit) is a 3× 3 matrix as defined in the equation below.

Rfit = E
[
(xfit − x̂fit) (xfit − x̂fit)

T
]

(4.54)

As presented in [75], the covariance matrix is a function of the direction angle of each

point (αi) which is the angle from the fit center to the ith sample point.

αi = atan2 (y′i − b, x′i − a) (4.55)
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The covariance matrix is shown in Equation (4.56) as a function of the αi angles, the number

of points (Np) and a radial noise component (σr).

Rfit = σ2
r


∑Np

i=1 cos2 αi
∑Np

i=1 sinαi cosαi
∑Np

i=1 cosαi∑Np

i=1 sinαi cosαi
∑Np

i=1 sin2 αi
∑Np

i=1 sinαi∑Np

i=1 cosαi
∑Np

i=1 sinαi Np


−1

(4.56)

The term σr in this equation is the standard deviation of points in the circle’s radial direction.

Due to the nature of lidar returns, it is most often the case that points make up an arc that

faces the lidar sensor. Because of this, the radial direction of the circle fit is similar to

the radial direction of the lidar. In practice, the standard deviation of lidar point range

measurements (σρ) is used in place of σr.

The covariance of the estimated fit center (Rab) is taken as the first 2× 2 submatrix of

Rfit. This covariance matrix, resolved in the eigenspace, is then rotated to the lidar frame

as shown below.

RLM = (Ce)TRabC
e (4.57)

The rotated covariance matrix is then assigned to the detected landmark position for use in

higher-level sensor fusion.

4.4.6 Error Characterization

A stationary test was set up to characterize the road sign landmark measurements and

to evaluate the error model used to approximate the error covariance. The sign in this

example was positioned approximately 25 m from the lidar with a width of just under half

a meter. For each scan of the lidar, 5 or 6 points were reflected from the sign. Over 1000

sign observations were extracted over the test duration. This sampling of sign observations

was used to determine the empirical error distribution. Figure 4.14 shows each sample as a

point in the lidar’s cartesian space. The figure also shows 3σ error ellipses for the empirical
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and modeled covariances. The error ellipses match sufficiently in terms of magnitude and

the orientation of the dominant axes.

Figure 4.14: Sign Landmark Measurement Covariance Analysis

4.4.7 Landmark Correspondence

At this stage of pre-processing, the landmark observations of relative position and orien-

tation are available along with an associated covariance, all resolved in the lidar sensor frame.

The last step of landmark feature extraction is correspondence. In the correspondence step,

the landmark observations are associated with specific landmarks. This is also known as

the data association problem and is critical for accurate navigation. A false correspondence

(where a landmark observation is assigned to the wrong landmark) could be detrimental to

navigation performance [54].
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Solving the data association problem is not an emphasis of this dissertation for the fol-

lowing reasons. First, the performance of a landmark correspondence algorithm would war-

rant an in-depth evaluation and would distract from the key contributions of the presented

work. Additionally, the landmark density required for meeting the accuracy requirements

is relatively low for the proposed graph-based path estimation approach (~50 m between

landmarks) as is demonstrated in Section 5.5. For this reason, a lesser number of landmarks

can be detected and the spacing between them can be relatively large. For the landmark

detection approach detailed in Section 4.4.4, the landmarks will be spaced by at least 0.55 m

as dictated by the cluster tolerance parameter.

Future work may consider building the landmark correspondence step into the path

estimation algorithm. Some adaptations to the graph-based estimation approach allows for

correspondence to be built into the estimation [47]. However, these adaptations dramatically

increase the number of unknowns and therefore the size of the graph to be optimized. Addi-

tional information can be used to improve the performance of landmark correspondence. For

example, the descriptors assigned to landmarks can be compared using a descriptor distance

function, which is a measure of the similarity of two landmarks in terms of their shape and

other distinctive attributes [67].

For the results presented in this dissertation, the data association problem is solved a

priori (i.e., prior to being used in the graph-based path estimation). For the simulation

study in Chapter 5, the landmark observations are assigned a landmark ID within the sim-

ulation. As for experimental data (the results of which are shown in Chapter 6), landmark

correspondence is performed using a GPS/INS ground truth as described below.

Given the absolute pose of a vehicle and the lidar extrinsics, landmark observations are

transformed into the navigation frame using the equations provided in Equations (2.1) and

(2.2). The transformation results in a measurement of a landmark’s global pose (xn) along

with an associated covariance matrix (Pn). The Mahalanobis distance (χ) is then calculated

for comparing two landmark observations as shown below [76].

103



χ2 = (xn1 − xn2 )T (Pn
1 + Pn

2 )−1(xn1 − xn2 ) (4.58)

The Mahalanobis distance is a powerful metric for correspondence in that it appropri-

ately weights the positional and rotational distance between two landmarks, resulting in a

single, scalar value of distance. Each new landmark observation is compared to all previ-

ously identified landmarks. If the Mahalanobis distance is below a certain threshold, then

a correspondence is made. If the Mahalanobis distance is above a certain threshold, then a

new landmark is added to the set of previously identified landmarks. All other observations

with Mahalanobis distance between the two thresholds are treated as outliers and discarded

from further use.

4.5 Conclusion

This chapter provided specifics on the measurements used for graph-based path estima-

tion in this dissertation. This includes the differential GPS algorithms (TDCP and DRTK)

that provide GPS odometry and inter-vehicle RPV measurements. Additionally, the model

used to produce body-centric odometry from wheel speeds and yaw rates was presented.

Lastly, details were provided on the process of feature extraction for producing landmark

observations from raw point cloud data.

This chapter also included a characterization of the errors associated with the generated

measurements. For each measurement type, a theoretical model is used to produce the mea-

surement covariance that weights the measurements within the graph-based path estimator.

The validity of these error models was shown by comparing the reported covariance to the

sample error distributions. This understanding of the measurement’s characteristics and er-

ror models allows for the measurements to be simulated in a way that emulates experimental

data. By emulating experimental data, the findings of a simulation study will be applicable
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to real-world applications. The details of this simulation study and the associated results

are given next in Chapter 5.
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Chapter 5

Simulation Study

A simulation environment is used to conduct a statistical evaluation of the proposed

path estimation approach. The evaluation is performed by comparing the performance of

the full graph-based path estimator as presented in Chapter 3 to three other solution types.

In total, four different path solution types are used for comparison:

• “Single RPV Calculation” - Path generation from a single inter-vehicle RPV and fol-

lowing vehicle odometry as described in Section 2.4 (relative path generation).

• “GPS-Only Fusion” - Graph-based path estimation using body-centric odometry and

differential GPS observations (i.e., inter-vehicle RPV and odometry of both vehicles).

• “Landmark-Only Fusion” - Graph-based path estimation using body-centric odometry

of both vehicles and exchanged landmark observations (GPS denied).

• “Full Fusion” - Graph-based path estimation using all available observation sets.

Each solution type uses a different set of observations. This is summarized in tabular form

in Table 5.1.

The path variables described in Section 2.2 are calculated for each solution and used

for evaluation. This includes, primarily, the lateral path position and path yaw. Both of

these variables are influenced by the path’s positional accuracy along with the accuracy

in follower yaw estimate. Unless specified, the estimated yaw is used for path variable

calculation. However, yaw is not observable in the case of Single RPV Calculation. For the

results shown in which Single RPV Calculation is compared, the true value of follower yaw

is used for all solution types.
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Table 5.1: Measurement Sets by Path Solution Type
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Single RPV Calculation ! !

GPS-Only Fusion ! ! ! ! !

Landmark-Only Fusion ! ! ! !

Full Fusion ! ! ! ! ! ! !

With simulated data, a scenario can be repeated any number of times, each with mea-

surements corrupted by randomly sampled noise according to the respective error models.

The expected performance of an estimator can then be assessed using statistical properties

such as the mean and Root Mean Square (RMS) of the empirical errors. For an unbiased

estimate with proper covariance estimation, the RMS of the empirical errors should match

the reported standard deviation taken as the square root of the estimated state variance [53].

This method is known as a Monte Carlo evaluation and is used to assess the different path

solutions.

5.1 Simulation Environment

The simulation environment was developed and implemented using MATLAB R2018a.

The user is able to adjust the parameters for testing under a variety of conditions. These

parameters include trajectory type, speed, following distance, landmark density, and noise
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parameters. The simulation environment also allows for GPS outages to be simulated in

specific regions along the trajectory.

From the specified parameters, a trajectory is generated for each vehicle and land-

marks are placed along the path. The measurements are calculated from the trajectory and

landmark positions and random noise is added according to their respective error models

described in the previous chapter. The simulation is purely kinematic, so effects of wheel

slip and other unmodeled errors are not present. The simulation environment is described

in further detail in the following sections.

5.1.1 Trajectory Generation

The trajectories are generated using piece-wise sections of straight-aways and constant

radius turns to emulate a built highway environment. Trajectory generation is randomized

to allow for a variation of the system geometry. An example trajectory is provided in Figure

5.1 where the leader, follower, and landmark positions are shown from a bird’s eye view.

The details for how the trajectories are generated is given in the following paragraphs.

The section type (straight-away or turn) is randomly assigned with a 50 % probability

for each type. Straight-away sections vary in length from 100 m to 500 m with the length

being sampled from a uniform distribution within this range. The radius of curvature for the

turn sections is sampled from a uniform distribution of possible highway curvatures according

to the Federal Highway Administration (FHWA) U.S. Department of Transportation (DOT)

design standards [77]. The length of the turns are assigned according to the arc angle which

is sampled uniformly from 10° to 45° for each turn. The direction of the turn, left or right,

is randomly assigned with a 50 % probability.

The trajectories are simulated with a kinematic motion model with inputs of speed and

steer angle in order to achieve the generated curvature profile. The kinematic model assumes

zero sideslip such that the vehicle heading is tangential to the trajectory. A constant speed
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Figure 5.1: Example of a Simulated Randomized Trajectory

of 20 m/s (~45 mph) is used for the simulations. The result is a trajectory consisting of 2D

positions and headings over time.

The trajectory is assigned to the lead vehicle and the following vehicle is simulated along

the same path at a specified following distance and lateral path offset. Landmarks are placed

alongside the trajectory at 10 m to either side of the route and evenly spaced according to

the landmark density. Unless specified, a landmark density of 20 landmarks per kilometer

is used which results in a spacing of 50 m between landmarks. The landmark orientation

is assigned randomly according to a Gaussian distribution with zero mean and a standard

deviation of 10°.

5.1.2 Measurement Simulation

The simulated trajectory provides the true position and orientation of the leader, fol-

lower, and all landmarks in the scene. From this, the measurements are simulated with

additive noise according to their respective measurement models presented in Chapter 3.
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The inter-vehicle RPV measurements are calculated from differencing leader and follower

positions in the navigation frame for a given time epoch. The GPS odometry measure-

ments are calculated from differencing vehicle positions at consecutive time epochs for both

the leader and follower. Body-centric odometry measurements are calculated by rotating

the navigation frame odometry into the body frame plus a change in yaw from differencing

consecutive vehicle heading values. The landmark observations consist of the RPV from ve-

hicle to landmark, resolved in the body frame, plus the relative orientation calculated from

differencing the landmark and vehicle headings.

The noise acting on all measurements is stationary except for the landmark observations

which are influenced by geometry. To emulate the real-world errors impacting landmark

observations, the noise varies with the position and orientation of a sign relative to the

vehicle. With lidar observations, the error is influenced by the number of points returned

from a given landmark. The hypothetical number of points is a function of the lidar’s azimuth

step size (0.2°), sign width (4 ft), and relative pose in the lidar frame. The sign geometry and

number of points are processed through the error model described previously in Section 4.4.4

with a point range standard deviation of 0.75 cm. A maximum range of 120 m is imposed

on landmark observations which roughly corresponds to 3 lidar points for a nominal sign

orientation. Additionally, the field-of-view is limited to ± 90° to emulate a lidar mounted

on a vehicle’s front bumper. A summary of the noise values and parameters used in the

simulation is given in Table 5.2. These values were chosen based on the characterization of

experimental data as described in Chapter 4.

5.2 Monte Carlo Evaluation

The results of a Monte Carlo evaluation are provided here for verifying the outputs of

the estimator and comparing performance between different path solution types. In this

evaluation, a single, randomized trajectory with a following distance of 250 m is used for all

Monte Carlo trials. The Monte Carlo loop is iterated for a total of 2500 trials.
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Table 5.2: Simulation Parameters

Parameter Symbol Value

Body-Centric Odometry Longitudinal Measurement Noise σodom,x 2 cm
Body-Centric Odometry Lateral Measurement Noise σodom,y 2.5 cm

Body-Centric Odometry Relative Yaw Measurement Noise σodom,ψ 0.02°
GPS Odometry North/East Measurement Noise σ∆ 0.76 cm

Inter-Vehicle RPV North/East Measurement Noise σrpv 1.15 cm
Lidar Point Range Measurement Noise σρ 0.75 cm

Lidar Azimuth Step Size ∆α 0.2°
Landmark Density D` 20/km

The number of Monte Carlo trials was chosen based on the 5 % confidence intervals of

the test statistics. The largest of the 5 % confidence interval over all path position error

statistics is less than 1.5 cm after 2500 trials. Additionally, 2500 trials results in a 5 %

confidence interval of less than 2 mm for the lateral position error statistic. This level of the

confidence intervals allows for a statistically significant comparison to be made between the

different solution types [53].

Within each Monte Carlo iteration, true sensor measurements are corrupted by ran-

domly sampled noise according to the error models. The simulated measurements are used

for path estimation and the resulting errors are recorded. By repeating the simulation for

each Monte Carlo trial, an error distribution is provided from which statistics can be calcu-

lated empirically. For an unbiased estimator, the RMS Error taken across all Monte Carlo

trials should match the standard deviation resulting from the estimator’s reported covari-

ance.

The plot included in Figure 5.2 shows the RMS error along with the reported standard

deviation for the path position estimates. These errors are shown for each of the four path

solution types listed previously. In each case, the RMS Error and standard deviation are

approximately the same, which gives validity to the estimator’s reported uncertainty and

unbiased estimation errors.

The errors resulting from Single RPV Calculation, shown in blue in Figure 5.2, are

similar to those shown previously in Chapter 3. In this case, the error is smallest at the
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Figure 5.2: Monte Carlo Evaluation: Path Waypoint Position Errors

last waypoint (path index = 1) since this value is only influenced by the inter-vehicle RPV

accuracy. Each preceding waypoint is the result of a cumulative sum of odometry measure-

ments. The variance for each waypoint is linear with path index which causes the standard

deviation to take the square root shape as shown in the figure.

The errors resulting from GPS-Only Fusion are shown in yellow in Figure 5.2. The

GPS-Only Fusion result takes on a similar shape to that of Single RPV Calculation, but the

error is reduced for all waypoints in the path. The largest improvement from one case to the

next is present at the last waypoint (path index = N = 49), where the error is ~2/3 that of

the Single RPV Calculation result.

For the case of Landmark-Only Fusion, shown in red in Figure 5.2, the error takes on an

upwardly convex shape when plotted against path index. The smallest errors for Landmark-

Only Fusion occur at a path index of 34, near the follower intercept index (iint = 35). This

is due to the waypoint’s vicinity to the following vehicle’s latest position (anchor node) from

which the relative position errors are calculated. In graph-theoretic terms, the position error
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increases with the number of edges between the anchor node (f1) and a given waypoint.

Since the waypoint node at path index = 1 (`1) has the most edges between it and f1 for

Landmark-Only Fusion, this waypoint also has the highest errors. Conversely, all other

solution types have only one edge separating f1 and `1 (the inter-vehicle RPV) and so the

error is the lowest at path index of 1 for these solution types.

The position error results for the Full Fusion case, which incorporates all available

measurements, is shown in purple in Figure 5.2. This result demonstrates a complementary

fusion when compared to all other solution types. The position errors for Full Fusion are

below that of any other solution type across all path indices.

5.3 Error as a Function of Following Distance

The previous section considered a single following distance for characterizing and com-

paring the performance of the different path estimation approaches. In this section, the error

growth as a function of following distance is studied. The key objective of this section is to

show how the error growth characteristics of the proposed algorithm are in fulfillment of the

objectives stated in Section 1.3. Specifically, the simulation study will show that path esti-

mation errors are bounded with respect to following distance when landmark observations

are incorporated.

This test consists of two nested loops: the outer loop sweeps through a number of

following distances while the inner loop simulates the measurements used for path estimation.

On each iteration, the errors in the lateral path position and path yaw estimates are recorded.

The RMS of the errors is then taken across all iterations of the inner loop and recorded for

each following distance.

The results are shown in Figure 5.3 where lateral path position errors are plotted against

following distance. As expected, the errors for the Single RPV Calculation grow unbounded

with respect to following distance and exceed the accuracy target of 7 cm for following

distances of 1 km or greater. The GPS-Only Fusion result shows a similar trend, but with a
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reduced error growth rate and exceeds the accuracy target for following distances of 2 km or

greater.

Figure 5.3: Lateral Position Errors vs. Following Distance

The errors associated with Landmark-Only Fusion in Figure 5.3 are effectively flat over

all following distances with an average error of 6.01 cm. The Landmark-Only Fusion solution

is not subject to accumulating odometry errors and, therefore, there is no relation between

the error and the following distance. At low following distances, the errors from Landmark-

Only Fusion are relatively high compared to all other solution types. However, as following

distance increases, Landmark-Only Fusion solution type eventually out performs the Single

RPV Calculation and GPS-Only Fusion solution.

In Figure 5.3, the Full Fusion solution type shows results that are a complementary blend

of the GPS-Only Fusion and Landmark-Only Fusion result. For all following distances,

the Full Fusion errors are lower than that of any other solution type. At low following

distances, the inter-vehicle RPV and odometry are effectively weighted higher than the

landmark observations and their contributions have a great deal of influence on the path
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estimate. Conversely, as following distance increases, the landmark observations are weighted

higher and the error asymptotically approaches the errors from Landmark-Only Fusion.

As for path yaw errors, each of the fusion-based solutions showed path yaw errors that

were effectively flat over all following distances. The resulting path yaw RMS errors for

Landmark-Only Fusion, GPS-Only Fusion, and Full Fusion are 0.20°, 2.01°, and 0.11°, re-

spectively. Path yaw errors are influenced by two factors: the follower yaw uncertainty and

the uncertainty of the path tangent angle. Of these two factors, the main contributor to

path yaw error is the uncertainty in the follower yaw estimate. The errors contributed from

path tangent angles (taken from arc tangent of path positions) are an order of magnitude

lower than those from follower yaw. Errors in the follower yaw estimate are not influenced

by following distance as long as GPS odometry or landmark observations are in the fol-

lower’s vicinity. From the examples presented in Section 3.8.1, it was shown that two vehicle

nodes connected by both GPS odometry and body-centric odometry edges will have yaw

observability. As opposed to the position states, yaw observability is gained from nodes and

edges in the vicinity of the follower node. Because of this, follower yaw errors do not com-

pound with increasing path size and the path yaw estimate is not significantly influenced by

following distance.

Influence of Measurement Accuracy on Error as a Function of Following Distance

The shape of Figure 5.3 is dictated by the accuracy of the measurement inputs. To

demonstrate how the error as a function of following distance is influenced by measurement

accuracy, the results from three additional analyses are provided. The three analyses include

simulated path estimation results with a) increased inter-vehicle RPV measurement uncer-

tainty, b) increased GPS odometry measurement uncertainty, and c) increased landmark

observation uncertainty. These three variations were chosen because they best capture the
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path estimation error trends for varying levels of measurement accuracy. For these simula-

tions, the noise level used to simulate the measurements is increased and the corresponding

measurement covariance used in the graph-based estimator is adjusted accordingly.

Increased GPS Odometry Measurement Uncertainty

In this analysis, the uncertainty of GPS odometry is increased by doubling the measure-

ment standard deviation (σ∆) from 0.76 cm to 1.52 cm. The GPS odometry measurement is

only used in three of the four solution types, so the Landmark-Only Fusion errors will be

unchanged from those shown in Figure 5.3. The RMS lateral path position errors from this

analysis for the four different path solution types are plotted against following distance in

Figure 5.4.

Figure 5.4: Lateral Position Error vs. Following Distance With Degraded GPS Odometry

As expected, the Single RPV Calculation and GPS-Only Fusion solution types show

an increased error growth rate with following distance when the accuracy of GPS odometry

is reduced. This result matches the trend shown previously in Figure 3.6 where following

distance is proportional to path index. The maximum error for Single RPV Calculation and
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GPS-Only Fusion solution types are at the largest following distance of 5 km. Compared to

the analysis with nominal noise values, the maximum error for Single RPV Calculation and

GPS-Only Fusion increased from 16.94 cm and 11.97 cm to 33.83 cm and 23.92 cm, respec-

tively.

The Full Fusion solution type is influenced by the decreased accuracy of GPS odometry

measurements, but not to a detrimental degree. The Full Fusion errors are still bounded

by the errors of Landmark-Only Fusion, which are not influenced by GPS odometry. In the

case of decreased GPS odometry, the Full Fusion errors approach the Landmark-Only Fusion

bound more quickly with following distance. Stated another way, the Full Fusion solution

type will rely more heavily on landmark observations at lower following distances when the

uncertainty of odometry measurements is increased.

Increased Inter-Vehicle RPV Measurement Uncertainty

For this analysis, the inter-vehicle RPV accuracy is degraded by increasing the measure-

ment standard deviation (σrpv) from 1.15 cm to 5.75 cm. In the same way, the inter-vehicle

RPV measurement is only used in three of the four solution types, so the Landmark-Only

Fusion errors will be unchanged from those shown in Figure 5.3. The RMS lateral path po-

sition errors from this analysis for the four different path solution types are plotted against

following distance in Figure 5.5.

In this analysis, the error growth rates with following distance from Single RPV Calcu-

lation and GPS-Only Fusion solution types are not influenced by the decrease in inter-vehicle

RPV measurement accuracy. Instead, the errors with respect to following distance are shifted

upward for these two solution types. Since the inter-vehicle RPV errors do not accumulate

along the path, a decrease in their measurement accuracy will impact all path waypoint in-

dices equally. Changes in the inter-vehicle RPV accuracy will effectively shift the y-intercept

of the error vs. following distance plot while keeping the same shape and error growth rate.
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Figure 5.5: Lateral Position Error vs. Following Distance With Degraded Inter-Vehicle RPV

Interestingly, the y-intercept of the GPS-Only Fusion solution type in Figure 5.5 does

not shift as much as that of Single RPV Calculation due to the increased uncertainty of

inter-vehicle RPV measurements. As stated previously in Section 5.3, the y-intercept of the

Single RPV Calculation solution type is equal to the inter-vehicle RPV accuracy (5.75 cm

for this analysis). Comparatively, the GPS-Only Fusion is a graph-based solution and the

connectivity with other graph nodes allows for the odometry to improve the errors even at

low following distances. In the same way, the Full Fusion solution type is also improved

by odometry accuracy at lower following distances. As with the previous analyses, the Full

Fusion errors are bounded by all other solution types and is bounded with respect to following

distance.

Increased Landmark Observation Uncertainty

Finally, the analysis in this section studies the impact of increased landmark observa-

tion uncertainty on the lateral path errors as a function of following distance. There are

three main parameters that influence the landmark observation’s impact on path errors: the
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landmark measurement accuracy and the number of landmarks (landmark density). Higher

landmark density results in more landmark observations, which decreases the path errors on

average.

For lidar landmark observations as described in Section 4.4, the measurement accuracy

is influenced by the lidar’s azimuth step size (∆α) and point range standard deviation (σρ).

The point range standard deviation impacts the magnitude of the landmark observation

errors. The lidar’s azimuth resolution not only impacts the magnitude of the landmark

observation errors, but the number of points returned by a sign landmark. Since the sign

landmarks are conditioned by a minimum number of points of 5 (as described in Section

4.4.4), the azimuth resolution also impacts the effective maximum perception range. By

increasing the azimuth step size used in the simulation, the average number of landmarks

will decrease, resulting in increased uncertainty in the path solution.

For this analysis, the landmark measurement accuracy is decreased by adjusting the pa-

rameters used in the lidar landmark simulation model described in Section 5.1.2. Specifically,

the azimuth step size (∆α) and point range standard deviation (σρ) are increased from 0.2°

and 0.75 cm to 0.3° and 7.5 cm, respectively. The landmark density (D`) is kept at 20/km.

The RMS lateral path position errors from this analysis for the four different path solution

types are plotted against following distance in Figure 5.6.

It can be seen in Figure 5.6 that the landmark observation accuracy changes the level of

the Landmark-Only Fusion errors. The Landmark-Only Fusion solution type for this analysis

exhibits an average error of 13.25 cm as compared to the 6.01 cm resulting from the analysis

performed with nominal noise values. As with all other analyses of lateral position error

as a function of following distance, the Full Fusion solution type remains bounded by all

other solution types. Because the Landmark-Only Fusion errors are above the 7 cm accuracy

target in this case, the Full Fusion solution cannot be guaranteed to be within tolerance for

all following distances. However, because the Full Fusion solution is greatly improved by the

inter-vehicle RPV and GPS odometry measurements at lower following distances, the Full

119



Figure 5.6: Lateral Position Error vs. Following Distance With Degraded Landmarks

Fusion solution remains within tolerance for all following distances used in this analysis (up

to 5 km).

5.4 Availability in the Presence of GPS Outages

Another advantage to using landmark observations in the path estimator is the increased

availability in the presence of GPS outages. In most applications, landmark and GPS obser-

vations have complementary availability. Environments with poor GPS reception are likely

to be feature rich and provide ample landmarks to use for navigation (e.g., forests and ur-

ban environments). Conversely, the sparse environments with little to no landmarks will

likely be benign environments for GPS (e.g., deserts and open plains). This section focuses

on the path estimation performance through GPS outages and the benefits that landmark

observations provide.

To demonstrate the effect of GPS outages on path estimation, a simulation was per-

formed with a regionally-defined GPS outage. The GPS outage region was set to a size of

60 by 60 meters in which the inter-vehicle RPV and GPS odometry for a vehicle become
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unavailable. The GPS outage region and the impact on graph topology can be seen in Figure

5.7 which shows the Relative Position Graph in cartesian space along with the GPS outage

region.

Figure 5.7: Cartesian Graph View with GPS Outage

The results from a Monte Carlo evaluation of the GPS outage scenario are given in

Figure 5.8. For this analysis, the Single RPV Calculation solution is unable to resolve the

positions of the waypoints within the GPS outage which explains the missing data points in

the plot. Conversely, the fusion-based path solutions, which use body-centric odometry, are

able to estimate all path waypoints despite the GPS outage. The Landmark-Only Fusion

errors are independent of GPS availability and are identical to the errors shown in Figure

5.2. The Full Fusion solution is also able to estimate the entire path while maintaining

accuracies that exceed all other solutions. Interestingly, the accuracies of the Full Fusion

solution also outperform the Landmark-Only Fusion during the GPS outage. This is due

to the graph connectivity: the correlation of the state estimates is propagated through the

landmark observations, even in sections where GPS is unavailable.
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Figure 5.8: Monte Carlo Evaluation: Path Waypoint Position Errors in GPS Outage Scenario

5.5 Performance as a Function of Number of Landmarks

In this test, the number of landmarks is used as the test variable for evaluating path esti-

mation performance. This test provides insight into what environments would be conducive

to path estimation as implemented in this dissertation. For this test, only the Landmark-

Only Fusion solution is evaluated. The results from the previous sections showed that the

Full Fusion errors remain bounded by that of Landmark-Only Fusion. Therefore, the land-

mark only fusion can be considered as an upper bound on Full Fusion performance and the

results in this test can be applied accordingly for any given following distance.

The number of landmarks in a test is controlled by a user-defined landmark density.

The landmark density is the average number of landmarks per kilometer. For each landmark

density, a Monte Carlo evaluation is performed on Landmark-Only Fusion path estimation

and the resulting RMS error is recorded. The results can be seen in Figure 5.9 along with

the accuracy targets of 7 cm and 0.25°.
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Figure 5.9: Landmark-Only Fusion Path Deviation Errors vs. Landmark Density

As expected, the error is lower for higher landmark densities. The accuracy target is

achieved for all landmark densities greater than 11 landmarks per kilometer. At 11 land-

marks/km, the average spacing between landmarks in the run is around 90 m. At this

landmark spacing, with a simulated max perception range of 120 m, each vehicle observes

(on average) 1 to 2 landmarks at any given time. This result can be related to the observ-

ability analysis presented in Section 3.8 which showed that two common landmarks allows

for observability of the lead vehicle pose. At landmark densities less than 11 landmarks/km,

the system is still observable, but will rely more heavily on body-centric odometry to span

gaps of fewer than two common landmark observations.

Since the Landmark-Only Fusion result is taken as an upper bound on Full Fusion per-

formance, conclusions can be drawn from the results of this test. This test result shows

that sufficient path accuracies can be achieved with the Full Fusion path estimation over

all following distances, regardless of GPS availability, in environments with at least 11 land-

marks per kilometer. This conclusion can be used when evaluating certain environments for
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long distance following using the Full Fusion path estimation scheme as described in this

dissertation.

5.6 Conclusion

This chapter focused on the simulations used to evaluate the performance of the graph-

based path estimator presented in Chapter 3. The simulation environment allows for control

over certain conditions such as system geometry, error characteristics, and measurement

availability. Measurements were simulated in this environment using noise levels as charac-

terized in Chapter 4.

The simulation environment was used to evaluate path estimation performance using

a Monte Carlo evaluation. The Monte Carlo evaluation in Section 5.2 demonstrated the

efficiency of the graph-based path estimator’s reported covariance through comparison with

empirical RMS errors. These results also showed the complementary nature of fusing land-

mark observations with the differential GPS observations.

Next, results were presented from a test that evaluated the key contribution of this

dissertation: bounded errors with respect to following distance. The errors of the Full

Fusion solution were lower than all other solutions for all following distances up to 5 km.

Given that the Full Fusion errors were bounded by all other solutions and the fact that the

Landmark-Only Fusion errors were unchanged by following distance, the Full Fusion solution

was shown to be in fulfillment of the bounded error design requirement.

Section 5.4 demonstrated the secondary contribution of this dissertation: improved

availability in the presence of GPS outages. A Monte Carlo evaluation was used to demon-

strate this behavior. The results over all path indices showed how landmark and body-centric

odometry observations helped span GPS outages and improve path availability.

Lastly, an analysis of the performance as a function of landmark density was provided

to relate the estimator’s performance to this environmental condition. This test concluded
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that an environment with at least 11 landmarks per kilometer (on average) allows for target

accuracies to be achieved.

The findings in this chapter underscore the key contributions and show the statistical

validity of the estimator given perfectly modeled errors. To underscore these findings, the

path estimator should be demonstrated in the presence of real-world conditions. For this,

an analysis is performed using experimental data and the results are tied to those shown in

this chapter. This experimental validation is provided next in Chapter 6.
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Chapter 6

Experimental Validation

Experimental data was collected and post-processed to validate the findings of the simu-

lation study. The key objective of this chapter is to show how the path estimation algorithms

perform with real-world data and to tie these results to those provided in the simulation

study. As opposed to the Monte Carlo simulation study presented in Chapter 5, the experi-

mental results are not meant to provide statistical significance. Since only a finite amount of

experimental data is available, their results are anecdotal and only depict the performance

for the scenarios tested. By linking the experimental data to the simulation environment,

the expounded results of the simulation study are grounded to real-world application.

This chapter starts in Section 6.1 by describing the experimental setup used to collect

data. Next, in Section 6.2, experimental results are shown from data collected in two sce-

narios: one on a public highway and another on a closed-course, oval track. The resulting

path estimates and estimation errors from the different solution types are characterized. Ad-

ditionally, results are provided for a test that emulates a following distance by shifting the

timestamps of the following vehicle’s data.

6.1 Experimental Setup

The motivation for the presented work is to allow Level 2 autonomy in Class 8 tractor-

trailer convoy networks [78]. Two 2015 Peterbilt 579’s, shown in Figure 6.1, were used as

the test platforms with one serving as the lead and the other as a follower vehicle. For the

data shown in this chapter, each truck towed an empty 53 foot box trailer and the cabs were

outfitted with the sensor components characterized in Chapter 4. Both trucks are capable
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of full actuation of the steering and drivetrain systems, making them ideal candidates for

automated convoying.

Figure 6.1: Tractor-Trailers on Logging Roads

The sensor suite is identical for both trucks in terms of the sensor models and mounting

locations. The trucks are both outfitted with a Novatel FlexPak6 GNSS receiver which

records raw GNSS observables (pseudorange, carrier phase, Doppler) from the antenna

mounted above the cab. A Velodyne VLP-16 lidar is mounted along the centerline of the

hood, just in front of the windshield, as shown in Figure 6.2. The lidars are disciplined with

GPS time from an external GARMIN receiver, allowing for accurate time synchronization

using time-of-validity stamps. Onboard vehicle measurements are received over the CAN

bus via J1939 protocol, in particular, the wheel speeds used for calculating body-centric

odometry. Additionally, a Memsense IMU (MS-IMU3020) is mounted near the cab’s center-

of-gravity and measures the yaw rates used for calculating body-centric odometry.

127



Figure 6.2: VLP-16 Lidar Mounted to Hood of Peterbilt Cab

The trucks are each outfitted with a Dedicated Short Range Communications (DSRC)

radio allowing for networked communication between vehicles. In practice, the DSRC radios

pass sensor information to following vehicles which then fuse the data for path estimation.

For the results shown in this chapter, the data was collected for each vehicle individually

and combined in post-process. In this way, the raw lidar data could be studied closely for

developing the feature extraction algorithm. In the future, feature extraction would take

place onboard each vehicle before passing the data as landmark observations over DSRC

radio as illustrated previously in Figure 4.1.

The raw sensor data is processed for generating the measurements used in the graph-

based relative path estimator presented in Chapter 4. The GPS observables are processed

for inter-vehicle RPV and GPS odometry measurements using the DRTK and TDCP al-

gorithms as described in Section 4.2. Yaw rate and wheel speed measurements are used
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to generate body-centric odometry measurements using the model presented previously in

Section 4.3. Additionally, the landmark observations are taken from lidar data using the

feature extraction algorithm on dense point clouds as described in Section 4.4.

The ground truth is provided by an RTK positioning system with corrections from a

nearby base station. The RTK positions are calculated using Novatel GrafNav software

and are globally accurate to sub-centimeter level. A ground truth path is calculated by

differencing RTK positions between the leader and follower vehicles.

6.2 Experimental Results

This section provides the results of path estimation using experimental data. The Full

Fusion estimator is evaluated against the accuracy requirements detailed in Section 1.3. The

results are also shown as a comparison of the four path solution types outlined in Table 5.1.

Two data sets are used in the evaluation: one collected on a public highway and another on

a closed-course track.

For both data sets, the following distance was controlled autonomously using the Co-

operative Adaptive Cruise Control (CACC) system described in [79]. The steer angles were

controlled manually by the operator of the following truck in order to trace an approximate

path of the leader. By-wire control of the steering angle is possible for these trucks, but

the results presented in this dissertation focus solely on estimation errors. When the ground

truth reference is available, the errors in lateral path position and path yaw are used to

assess the path estimation accuracy.

6.2.1 Highway Data Results

The first scenario takes place on Highway 280 in Lee County, Alabama. The highway

data consists of speeds from 45 to 65 mph and a platoon following distance of 300 ft as

regulated by the CACC system. This scenario is valuable since it involves challenges of

operating in a real-world environment: realistic road sign geometry, shadowing and false
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detections from neighboring traffic, variable speeds, degraded GPS due to overhead foliage,

and more.

This section of Highway 280 provides a variation of landmark types that are detected

in the lidar feature extraction process. This includes road signs, trees, power line poles, and

support columns of roadside buildings. Some sections along the route provide ample number

of landmarks while other sections are totally void of any landmarks, allowing the behavior

to be evaluated for both cases. On average, the highway route contains approximately 18

landmarks per kilometer. A satellite view of the highway trajectory is shown in Figure 6.3

along with the pole and sign landmark positions.

Figure 6.3: Highway Test: Satellite View of Trajectory and Landmark Positions

The availability of the critical observations varies over the run. In this context, the

critical observations include the landmark and inter-vehicle RPV observations that relate

the leader and follower poses. One of these two observation types is required for path

observability. The availability of these observations is shown in Figure 6.4. The first subplot

shows the number of landmarks that are common between the lead vehicle and the follower’s
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current position plotted against time. The second subplot shows the status of the DRTK

fix plotted against time. When DRTK is not fixed, the inter-vehicle RPV is not included in

path estimation.

Figure 6.4: Highway Test: Landmark and DRTK Availability

The plots in Figure 6.4 show some interesting conditions for evaluating the estimator.

First, there are two sections where no common landmarks are observed for a substantial

amount of time. These two sections start at 38 and 118 seconds into the run and last 12.5

and 8 seconds, respectively. Another section of interest can be seen at 254 seconds into the

run. In this region, there are no common landmarks and also no DRTK fix over a duration

of 3.5 seconds. The path estimation performance through these sections of interest will be

highlighted in the results that follow.

Ground truth is not available for this dataset; however, the results still provide insight on

the estimator’s performance in terms of availability and qualitative metrics. The estimated

lateral path position is plotted vs. time as shown in Figure 6.5. The typical lane width of a

U.S. highway is also included in the plot for reference of scale. It is worth noting that the

values shown in Figure 6.5 are not estimation errors, but rather the estimated lateral path

position as controlled by the human driver. This figure also shows the reported standard
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deviation of the estimated lateral position, which stays below the accuracy target of 7 cm

throughout the duration of the test.

Figure 6.5: Highway Test: Full Fusion Lateral Path Position Estimate

The estimated value of path yaw is shown in Figure 6.6. In this figure, the path yaw

estimate fluctuates about zero which is the result of the human driver tracking the lead

vehicle’s path. This figure also shows the standard deviation associated with the path yaw

estimate, which stays below the accuracy target of 0.25° for a majority of the run.

Figure 6.6: Highway Test: Full Fusion Path Yaw Estimate
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A comparison of lateral position estimates for the different path solution types is given

in Figure 6.7. This figure also shows the availability of lateral position estimates over time in

the last subplot. Note that the colors used in the availability plot correspond with the rest

of the figure to serve as a legend. The lateral position estimates shown in this figure use the

true value of follower heading to rotate positions into the path tangent frame. The use of a

common truth heading in lateral position calculation is to isolate the position performance

from yaw estimation performance such that a comparison can be made with Single RPV

Calculation, which does not have yaw observability.

Figure 6.7: Highway Test: Lateral Path Position Estimates and Availability Comparison

The Full Fusion solution has full availability throughout the run despite the loss of both

inter-vehicle RPV and landmarks at t = 254s. This is the result of a sufficiently large path

tail length (250 m) that allows for dead reckoning of the path through landmark and DRTK

outages. However, this path tail length is not large enough to allow for full availability of

GPS-Only Fusion and Landmark-Only Fusion solutions. The Landmark-Only Fusion result

eventually loses a path estimate due to the large gaps in landmarks present throughout the
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run. The same can be said for the GPS-Only Fusion solution which loses a path estimate

in three different instances throughout the run. The Single RPV Calculation has a strict

dependence on GPS coverage and loses a path estimate wherever a DRTK fix is lost. The

GPS-Only Fusion and Single RPV Calculation errors are virtually the same as Full Fusion

when the solutions are available. This is a result of the accuracy of the differential GPS

observations and their influence on the fused path estimate at the relatively low following

distance of the run (~90 m).

In a similar way, a comparison of path yaw estimates for the different path solution types

is given in Figure 6.8. For the Full Fusion solution type, the path yaw estimate is available

throughout the run. Again, the GPS-Only Fusion and Landmark-Only Fusion solutions lose

the path estimate in certain sections of GPS and landmarks outages, respectively. The Single

RPV Calculation solution has no yaw observability and does not appear in this plot.

Figure 6.8: Highway Test: Path Yaw Estimates and Availability Comparison
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6.2.2 Track Data Results

The next experimental scenario takes place on the test track at Auburn University’s

NCAT asphalt testing facility shown in Figure 6.9. As opposed to the highway scenario, the

test track is a closed course, allowing for a more controlled test environment. The track is

a 1.7 mile loop with straight sections of nearly half a mile and 8° banks on each of the two

turns. In this scenario, the trucks travel at a near-constant 50 mph (22.4 m/s) and following

distance of 200 ft (61 m). The trucks collected data for a total of 8 laps around the track

allowing for roughly 18 minutes of data.

Figure 6.9: NCAT Track Test: Satellite View of Trajectory and Landmark Positions

The track is surrounded by a number of typical highway signs which can be seen in

Figure 6.10. There are road signs every 200 ft along the track’s outer perimeter, each 4 ft in

width. Other signs include turn, yield, and stop signs which were all used as navigational

landmarks when detected. Landmarks are detected at distances of up to 120 m (~400 ft).

The landmark spacing and max detection distance allow for anywhere from 0 to 3 landmarks
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to be observed at a given time. On average, the track provides close to 20 landmarks per

kilometer.

Figure 6.10: Cab View of Lidar and Road Signs at NCAT Test Track

Ground truth data is available for this scenario and is used to calculate the path esti-

mation errors for evaluation. Figure 6.11 shows the errors in lateral path position and the

reported 3σ confidence level vs. time. The lateral position errors have a mean of 0.26 cm

indicating that the estimate is not significantly biased. Additionally, the errors stay well

beneath the accuracy target of 7 cm (1σ, 67th percentile) with a maximum error of 2.68 cm

and RMS error of 0.94 cm. The 3σ confidence level reported by the estimator mostly en-

velops the errors (save a few instances) which gives credence to the covariance reported by

the graph-based estimator.

The errors in path yaw estimate are shown in the second subplot of Figure 6.11. The

resulting path yaw errors are virtually unbiased with a mean of 0.01°. The path yaw er-

rors have an RMS of 0.14° taken over the duration of the run which satisfies the accuracy

requirement of 0.25° (1σ, 67th percentile).
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Figure 6.11: NCAT Track Test: Full Fusion Path Deviation Errors

Note that the path yaw errors in Figure 6.11 show a periodic trend with spikes occurring

every 70 seconds and a maximum value of 0.51°. Periodic errors of this type suggest that

certain observations violate the zero-mean Gaussian assumption. The periodicity in this

plot aligns with the turn sections on the track. Given the correlation with the turns, the

errors are likely caused by the unmodeled effects from the track’s bank angle, which violate

the 2D planar assumption. The body-centric odometry is the most susceptible to errors

with a banked vehicle since the true yaw rate (rotation about the vertical axis) does not

align with body yaw rate. The reported covariance during the turns is overly optimistic, as

indicated by the spikes exceeding the 3σ confidence level. In practice, when the reported

covariance is artificially low, an autonomous control system may not be able to raise alerts

and the controller would be allowed to operate in potentially hazardous situations. Future

work may consider addressing this issue by estimating vehicle roll and pitch angles online

and compensating the body-centric odometry model accordingly.
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Next, the lateral path position errors of the Full Fusion estimator are compared to the

solution types listed in Table 5.1. Figure 6.12 shows the lateral position errors vs. time

along with their associated standard deviation for all four solution types. The errors from

Landmark-Only Fusion show the same periodic trend as seen in Figure 6.11, correlating

with the banked turn sections. This periodic trend is not as apparent in the lateral position

errors from Full Fusion but is very pronounced in the Landmark-Only Fusion result. This is

a result of how heavily the differential GPS measurements are weighted in the graph-based

estimation. The accuracy of the differential GPS measurements suppress the body-centric

odometry contributions, including any unmodeled errors such as the breakdown of the 2D

planar assumption during the banked turns.

Figure 6.12: NCAT Track Test: Lateral Path Position Error Comparison

At the relatively low following distance of 200 ft (61 m), the lateral position errors from

GPS-Only Fusion are effectively the same as Full Fusion. Both the errors and standard

deviations of GPS-Only Fusion are behind the Full Fusion results and are not visible in
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the plots in Figure 6.12. This similarity also speaks to how differential GPS measurements

are weighted much higher compared to body-centric odometry and landmark observations.

However, the differential GPS measurements carry less weight as the following distance

increases, as demonstrated in Section 6.2.4.

In Figure 6.13, the path yaw errors are plotted against time along with their associated

standard deviation. This plot only includes errors from the three fusion-based results since

Single RPV Calculation does not provide yaw observability. As opposed to the results shown

in Figure 6.12, the Full Fusion solution shows noticeable improvement over GPS-Only Fusion.

This demonstrates that the accuracy of differential GPS measurements do not correlate as

highly to the yaw estimates as they do for lateral position. The graph-based estimator

appropriately weights the observations, resulting in a complementary fusion of the different

sensor information.

Figure 6.13: NCAT Track Test: Path Yaw Error Comparison
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6.2.3 GPS Outage Test Results

Next, the track data is used to evaluate path deviation estimation errors through a GPS

outage. Similar to the test conducted in Section 5.4, a GPS outage region is specified and

any DRTK and TDCP measurements that are recorded while within the region are not used

in path estimation. The outage region was chosen to be 150 m in length and a path tail

length of 100 m was used in the path estimator. The path tail length was set slightly less

than the size of the outage in order to demonstrate the influence that path tail length has on

availability. A bird’s eye view of the track trajectory, landmark positions, and GPS outage

region is shown in Figure 6.14.

Figure 6.14: GPS Outage Test: Trajectory and GPS Outage Region

The track data allows the performance through the outage region to be studied over

multiple, repeated passes. The errors from all the passes are plotted against the East position

in order to overlap the results from all the passes. A comparison is made between the path

solutions outlined in Table 5.1 in terms of the path deviation errors (lateral position and

path yaw), standard deviations, and availability.
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Figure 6.15 shows the lateral path position results for the GPS outage test. The Full

Fusion solution shows the lowest amount of error throughout the run. During the GPS

outage, the Full Fusion errors slowly increase to match the magnitude of the Landmark-

Only Fusion errors. The errors of the Landmark-Only Fusion solution are not impacted by

the GPS outage and are below the 7 cm accuracy target throughout. On the other hand, the

GPS-Only Fusion quickly drifts outside the accuracy target after entering the GPS outage

region. In the outage region, GPS-Only Fusion relies solely on body-centric odometry to

dead reckon and the resulting path errors grow indefinitely.

Figure 6.15: GPS Outage Test: Lateral Path Position Error Comparison

The Single RPV Calculation solution maintains acceptable lateral position accuracy,

but suffers in terms of availability. The path solution is lost for Single RPV Calculation as

soon as the follower reaches the outage region. Since this solution relies exclusively on GPS

availability, it is not able to dead reckon through the outage. The Single RPV Calculation

eventually regains a path solution, but only after the follower is more than 61 m outside of

141



the outage region. Since the Single RPV Calculation uses only follower odometry, the path

does not become available until the follower travels the full path length outside of the outage

region, in this case 61 m.

The GPS-Only Fusion improves on the availability of Single RPV Calculation. The

graph-based estimator effectively dead reckons the body-centric odometry for GPS-Only Fu-

sion up until the path tail length is exhausted (at greater than 100 m into the outage region).

The GPS-Only Fusion regains a path solution faster than with Single RPV Calculation due

to the inclusion of lead vehicle odometry in the solution.

The path yaw estimation results for the GPS outage test are shown in Figure 6.16. This

figure shows that when GPS is available, all fusion-based solution types have path yaw errors

within the accuracy target of 0.25°. During the GPS outage, the yaw errors for GPS-Only

Fusion and Full Fusion solution types are elevated while the Landmark-Only Fusion solution

is not affected.

Figure 6.16: GPS Outage Test: Path Yaw Error Comparison
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Interestingly, Figure 6.16 shows that the path yaw standard deviations reported by Full

Fusion exceed those of Landmark-Only Fusion result during the GPS outage. Since the Full

Fusion estimator is resolved in the navigation frame, it must estimate a global yaw estimate

(true heading with respect to the North axis). Additional uncertainty is introduced to the

yaw estimation when it must be related to the global frame. On the other hand, all of

the observations used by Landmark-Only Fusion are body-centric and, by anchoring the

follower yaw state, the resulting path estimate is resolved in the follower frame. Therefore,

the uncertainty in the path yaw estimate for Landmark-Only Fusion is influenced only by

the uncertainty of the path tangent angle, taken as the arc tangent of path positions.

6.2.4 Variable Following Distance Analysis

Finally, the performance of the Full Fusion path estimate is compared to other path

solutions by examining the errors as a function of following distance. Namely, the four

solutions previously summarized in Table 5.1 will be compared. The results from Single

RPV Calculation, as presented in prior literature, will serve as the benchmark performance.

Because the main benefits of the Full Fusion solution are seen at higher following distances,

the performance comparison is made over variable following distances up to 2 km.

In this analysis, the following distance is set artificially to allow for variations over

the test variable. This is accomplished by manipulating the timestamps of the recorded

data based on a user-defined following distance. Specifically, the following vehicle’s data

is shifted in time: the landmark observations, the odometry measurements, and the truth

positions. After shifting the data’s timestamps, the inter-vehicle RPV measurements are no

longer valid. Therefore, for the analysis performed in this section, the inter-vehicle RPV

measurements were simulated using differenced RTK positions with artificial noise following

the error model described in Section 5.1.2.

The results for this analysis are plotted in Figure 6.17 that shows lateral path error

plotted against following distance. This plot shows the RMS of the lateral path position
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error taken over the entire run for each following distance. The Full Fusion path estimate

errors are bounded by all other path solution types at each following distance. At the

smallest following distance (100 m), the Full Fusion error is virtually the same as the GPS-

Only Fusion error, both of which outperform the Single RPV Calculation result. As following

distance increases, the Full Fusion estimator relies more on the landmark observations. At

a following distance of 1 km, the errors from Single RPV Calculation surpass the 7 cm, 1σ

accuracy target.

Figure 6.17: Lateral Path Position Errors for Varying Following Distance

The RMS lateral path errors for Landmark-Only Fusion are also shown in Figure 6.17.

As expected, the Landmark-Only Fusion errors do not depend on following distance given

that the errors in the plot are virtually flat. The findings from the simulation study in

Section 5.3 conclude that the Full Fusion errors will be bounded by those of the Landmark-

Only Fusion estimator. With a Landmark-Only Fusion error bound of ~8.5 cm, the Full

Fusion estimate is not guaranteed to stay within acceptable accuracy targets at large enough

following distances. However, the contributions from the GPS observations are enough to
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keep the Full Fusion result within acceptable accuracy for all of the following distances used

in this analysis.

6.3 Conclusion

This chapter presented an evaluation of path estimation performance using experimen-

tal data. The experimental evaluation provides tangible results similar to what would be

experienced in a real-world application. Additionally, the simulation findings are given more

validity by tying together simulated and experimental results.

First, a test was conducted on a public highway with variable levels of landmark and

differential GPS availability. The results from this test demonstrated the improved avail-

ability of the Full Fusion path estimate compared to other path solutions. Solutions that

relied heavily on inter-vehicle RPV (DRTK), such as Single RPV Calculation and GPS-Only

Fusion, would eventually lose a path solution over long enough DRTK outages. Similarly,

the Landmark-Only Fusion estimate would lose a path solution through large enough regions

without landmarks. The body-centric odometry in the fusion-based solutions allowed these

solutions to bridge small gaps in landmark and DRTK outages, so long as the gap was less

than the path tail length which was set to 250 m.

Data collected on a closed course track provided a larger set of data with a ground

truth reference for error calculations. The results in this test showed that the RMS errors

from the Full Fusion solution, taken over the duration of the run, were below the accuracy

requirement of 7 cm in lateral position and 0.25° in path yaw. This test also demonstrated

how violations of the 2D planar assumption impact the final result. It was shown that when

the vehicle traversed the 8° banks on the turns, the path yaw errors would spike while the

reported standard deviation was virtually unchanged. Future implementations should take

this behavior into consideration if the test environment is expected to have bank angles or

road grade.
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Also in this chapter, the proposed Full Fusion estimator was compared to other solutions

in an analysis that emulated a following distance by manipulating timestamps of the collected

data. This test, which evaluated the errors as a function of following distance, showed similar

characteristics to the equivalent test performed using simulated data. The key contribution of

this dissertation was demonstrated in this analysis by showing the Full Fusion path estimate

errors were bounded with respect to following distance.
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Chapter 7

Conclusions and Future Work

7.1 Conclusions

This dissertation described the challenges of relative path following at long distances

and proposed a graph-based sensor fusion approach overcoming these challenges. A thorough

evaluation of the state-of-the-art in leader-following methodologies was first presented to

motivate the contributions that followed. These contributions included a proposed solution

to path estimation that bounds error with respect to following distance using a graph-

based estimator for a complementary fusion of differential GPS, body-centric odometry,

and perception-based landmark observations. The observability conditions for the proposed

solution were evaluated and a method was presented for ensuring sufficient observability

for a given graph topology. An evaluation of the proposed solution was performed with

both simulated and experimental data. The simulation environment allowed for a statistical

evaluation and for controlled scenarios while experimental data provided further validation

of the simulation results.

The literature review, summarized in Chapter 1, showed the potential for improvements

in the field of path following for unmanned ground vehicles. Many of the path following so-

lutions that exist in literature rely on a built infrastructure for absolute position accuracy,

however, this reliance on infrastructure limits the scalability of these approaches. Other

infrastructure-less path following approaches exist in prior literature, each with shortcom-

ings that make them unsuitable for the design requirements stated in Chapter 1. To over-

come the dependency on infrastructure, previous work used relative measurements between

vehicles along with ego-motion to estimate relative paths, but these approaches are subject

to increasing path errors as following distance increases. In the realm of landmark-based
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navigation, collaborative SLAM approaches allow for path accuracies that are independent

of following distance, but require a high number of distinct landmarks to reach acceptable

accuracy limits. The solution presented in this dissertation combined the attributes of high

precision differential GPS with SLAM techniques to achieve acceptable accuracies with rel-

atively few landmark observations.

A graph-based estimation approach was chosen to accomplish the complementary sensor

fusion of available measurement sets. The differential GPS observations of vehicle odometry

(by way of TDCP) and inter-vehicle RPV (by way of DRTK) are accurate to centimeter level,

which allows for lane-level accuracy of the estimated path and is sufficient for autonomous

path following. The incorporation of body-centric odometry increases solution availability

by improving observability conditions and spanning gaps caused by GPS and landmark out-

ages. Landmark observations successfully bound the path error for any following distance by

comparing observations exchanged between the leader and follower vehicles. The estimator

was designed such that the processing requirement grows linearly with following distance

which makes it feasible for application with onboard processors.

A simulation environment was developed to evaluate the graph-based estimator in Chap-

ter 5. The statistical soundness of the estimator was evaluated through a Monte Carlo

evaluation. The analysis showed that the covariance reported by the graph-based estimator

matches empirical values taken over many runs with randomized data. By performing the

simulation at varied following distances, the results demonstrate how the proposed estimator

was successful in satisfying the design requirement of bounded error growth. The proposed

Full Fusion estimator was compared to other relative path solution types. Single RPV Cal-

culation was selected as the benchmark solution as it was presented in prior literature. The

Single RPV Calculation result showed a linear increase in variance with following distance,

which allowed for acceptable accuracy up to 1 km. The GPS-Only Fusion solution improved

on Single RPV Calculation in the error growth rate, allowing for acceptable accuracy up to

1.5 km. The Landmark-Only Fusion result showed a virtually flat error curve, demonstrating
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independence with respect to following distance, but did not satisfy accuracy requirements.

The Full Fusion result demonstrated a complimentary combination of results and showed

improved errors over all other solutions at all following distances.

The simulation environment was also used to evaluate the path estimation performance

under different conditions. For one, a simulation test was used to show the relation between

path accuracy and number of landmarks. It was shown that the Full Fusion estimator will

meet accuracy requirements for all following distances when at least two common landmarks

are observed by both vehicles for any given time. The simulation environment also demon-

strated how the Full Fusion solution maintained availability throughout short periods of GPS

outages. The path error will grow larger through GPS outages, but will remain bounded by

the accuracy of the Landmark-Only Fusion solution.

In Chapter 6, results from experimental data were used to demonstrate the viability of

the proposed solution from an application standpoint. The experimental results were also

used to give credibility to the simulation environment and validate findings in the simulation

study. The experimental data was used to replicate the following distance test from the

simulation study in Chapter 5 and the same trends were shown to exist. Also, results from a

GPS outage test were shown to demonstrate the impact on the error growth and availability

of the different path solution types.

The proposed graph-based estimation approach may be preferred to existing approaches

for the reasons discussed in this dissertation. However, it’s worth mentioning that this ap-

proach may not be ideal in some cases due to the complexity of its implementation. For short

distance following with consistent GPS availability, the Single RPV Calculation approach

(aka GPS-based relative path generation) would be acceptable when coupled with a method

for accurately estimating follower heading. Other scenarios might allow for dense, distinct,

repeatable landmarks such as those available in an urban setting. In this case, it might

be preferable to implement a map-matching approach in which the follower localizes on a
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map generated by the lead vehicle. However, a map-matching approach would show dimin-

ished performance in sparse environments or in rural/forestry applications where landmark

correspondence becomes challenging.

Despite the upfront implementation cost of the graph-based approach, the framework

was shown to have other desirable traits. For one, the intuitive nature of the graph makes it

easier to inspect visually; any loss of path accuracy can be diagnosed quickly by examining

the graph’s topology. Additionally, the framework is fairly simple to augment. Any new

measurements the user would like to incorporate can simply be added as edges in the graph.

These augmentations are reserved for future contributions that seek to expand upon the

work presented in this dissertation.

7.2 Future Work

The work presented in this dissertation shows great potential for a graph-based path

estimation approach that future work may choose to expand upon. As mentioned above, fu-

ture implementations may seek to augment the graph with additional sensor measurements.

A situation may call for improved GPS-denied performance which could be accomplished us-

ing inter-vehicle RPV measurements provided by perception-based sensors or UWB ranging.

Other sources of odometry may also be used: odometry from lidar ICP or visual odometry

from camera might be preferred to increase platform independence.

Future work may also seek to address the correlation between TDCP and DRTK obser-

vations. This correlation was neglected for the work presented in this dissertation in order to

generalize the observation models used in the graph-based path estimator. However, neglect-

ing this correlation causes the covariance reported by the estimator to be overly optimistic.

One approach to addressing this correlation would be to use carrier phase measurements as

edges in the graph (a closely coupled approach) as shown in [41] for a single vehicle. This

would add to the complexity of the solution but benefit in the availability of an integer fix

even in scenarios with less than four common satellites.
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The graph-based solution to path estimation would also be well-suited for multi-vehicle

convoy networks of three or more vehicles. In the presented work, an Ultimate Lead strategy

was proposed as a way to implement the graph-based solution in multi-vehicle convoys. To

expand on this, a centralized approach could be used that factors in information from all

vehicles. A centralized approach would improve the solution in terms of availability and

accuracy at the cost of computational complexity and communication bandwidth. This could

be accomplished by adding subgraphs to the graph, one for each vehicle in the convoy. Inter-

vehicle RPV measurements could then be used from each pair of vehicles. This approach

would also increase the availability of the solution in the case of lost communications from

any single vehicle.

In summary, a graph-based estimation approach is well suited for a variety of future ap-

plications. The findings presented in this dissertation show a great deal of potential for future

variations on this approach. Future applications may differ in the design requirements or the

available measurement sets, but the groundwork established in this dissertation demonstrates

the potential for any future implementations that follow.
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Appendix A

Rotations and Coordinate Frames

The work presented in this dissertation uses a North-East-Down (NED) convention. In

order to track an object within this frame, a rotation is made from the coordinate frame

attached to the object (body frame) to the NED frame (navigation frame). The body frame

aligns with the navigation frame at zero roll, pitch, and yaw. When the two frames align,

the North, East, Down directions correspond with the body’s X, Y, and Z, respectively.

A rotation matrix is used to rotate vectors from the body frame to the navigation frame

(Cn
b ). These equations are shown in Equation (A.1) where a vector (rb) is rotated into the

navigation frame.

rn = Cn
b r

b (A.1)

To perform this rotation in three dimensions, a series of three individual rotations are

made. These three rotations are performed in the specific order shown in Equation (A.2) to

produce the 3D rotation matrix. The rotation matrix from the navigation frame to the body

frame (Cb
n) is found simply by taking the inverse of the rotation matrix from the body frame

to the navigation frame. Since these matrices are symmetric, the inverse of that matrix is

the same as the transpose [65]. The rotation matrices are a function of the roll (φ), pitch

(θ), and yaw (ψ) angles as shown in the equations below.

Cn
b =

(
Cb
n

)−1
= (CφCθCψ)−1 (A.2)

160



Cψ =


cos(ψ) sin(ψ) 0

− sin(ψ) cos(ψ) 0

0 0 1

 (A.3)

Cθ =


cos(θ) 0 − sin(θ)

0 1 0

sin(θ) 0 cos(θ)

 (A.4)

Cφ =


1 0 0

0 cos(φ) sin(φ)

0 − sin(φ) cos(φ)

 (A.5)

Angular rate vectors are transformed from the body frame (ωb) to the navigation frame

(ωn) using the mechanization matrix (M) as shown below.

ωn = Mωb (A.6)

The navigation frame angular rate can also be thought of as the time-derivative of the Euler

angles (ωn = [φ̇, θ̇, ψ̇]T ). The matrix M is a function of the roll and pitch values as shown

in the equation below [80].

M =
1

cos(θ)


1 sin(φ) sin(θ) cos(φ) sin(θ)

0 cos(φ) cos(θ) − sin(φ) sin(θ)

0 sin(φ) cos(φ)

 (A.7)
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Appendix B

Least Squares Estimation

The least squares algorithm is used to fit a set of noisy observations with a model.

In other words, a set of noisy measurements is used to determine the most likely value of

a system’s state. Along with a state estimate, the least squares solution provides the co-

variance associated with that estimate. For a nonlinear system, an iterative process must

be performed, updating the estimate on each iteration. When information of the measure-

ment accuracy is available, a weighting can be assigned to each individual measurement and

accounted for in the weighted least squares approach [27].

Consider the linear equation

δz− = Hδx + δz+ (B.1)

where δz− is the measurement innovation and δz+ is the measurement residual as defined in

the equations below.

δz− = z− h
(
x̂−
)

(B.2)

δz+ = z− h
(
x̂+
)

(B.3)

Also in Equation (B.1), δx is the state vector innovation as defined below.

δx = x̂+ − x̂− (B.4)

The matrix H is the measurement Jacobian matrix, which is defined in the equation below.

H =
∂h

∂x
(B.5)
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The least squares estimation operates by minimizing the measurement residuals with

respect to the state vector (x). From this, the following relation is made.

∂

∂δx

(
δz+T δz+

)
= 0 (B.6)

After performing substitutions and additional matrix algebra and simplification, the resulting

solution for δx is given in the equation below.

δx =
(
HTH

)−1
HT δz− (B.7)

By applying the above equation, an optimal estimate of the states is made given the provided

measurements.

Iterated Least Squares

In the case that the measurement model (h) is completely independent of the states,

the solution to Equation (B.7) provides an optimal estimate of δx. In the case of a nonlinear

problem, the measurement model and Jacobian matrix will be a function of the state values.

In this case, a priori estimates of the state are used to approximate the measurement matrix.

By performing least squares in an iterative fashion and setting x̂− to x̂+ after each iteration,

a state estimate can be achieved. The iteration process can be discontinued when the value

of δx converges below some predefined threshold.

Weighted Least Squares

In many cases of state estimation, the measurements provided have varying accuracy.

In this case, it is sensible to provide a higher weighting to the more accurate measurements.

Similar to the previous least squares problem, the residuals are to be minimized, but in this
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case a weighting matrix (W) is applied as shown below.

∂

∂δx

(
δz+TWδz+

)
= 0 (B.8)

After performing substitutions and additional matrix algebra and simplification, the follow-

ing equation results.

δx =
(
HTWH

)−1
HTWδz− (B.9)

For many applications, the accuracy of a measurement is provided as a covariance matrix

(Rz). The weighting matrix used in Equation (B.9) is simply the inverse of the covariance

matrix (W = R−1
z ) . With this, the inverse of the covariance matrix can replace the weighting

matrix in the above equation.

Covariance of Least Squares Residuals

Since the measurements used in least squares are not perfect, there will inevitably be

residuals after the estimation process. The residuals, shown in Equation (B.3), have an

associated covariance. The covariance of the residuals is calculated using Equation (B.10).

R+
δz = Rz −H

(
HTR−1

z H
)−1

HT (B.10)

Equation (B.10) is essentially the covariance of the measurement minus the covariance

of the state estimate mapped into the measurement domain. The covariance of the state

estimate (P+
x̂ ) is calculated using Equation (B.11). This covariance provides information on

the accuracy of the estimation and the correlation between state estimates.

P+
x̂ =

(
HTR−1

z H
)−1

(B.11)
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Appendix C

Least Squares Planar Fit

Least Squares Planar Fit aims to estimate the coefficients of a plane that optimally fits

a set of m points in 3 dimensional cartesian space ({xi, yi, zi}mi=1). The plane is modeled with

the x dimension as the dependent variable and y and z as the independent variables. This

model follows the form

x = a0y + a1z + b (C.1)

where a0, a1, and b are scalar coefficients to be estimated. The error is to be minimized

along the x dimension following the error function below.

E(a0, a1, b) =
m∑
i=1

[(a0yi + a1zi + b)− xi]2 (C.2)

The model is arranged as matrices to fit the z = Hx form expected for least squares

estimation. The matrix form of the model is

x =



a0

a1

. . .

b


(C.3)

z =



x1

x2

. . .

xm


(C.4)
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H =



y1 z1 1

y2 z2 1

. . .

ym zm 1


(C.5)

where x is the state vector, z is the measurement vector and H is the measurement matrix.

The value of x that minimizes Equation (C.1) (x̂) is estimated using least squares as shown

in Section B. The least squares estimation also produces a covariance matrix for the planar

coefficients (Px̂).

The angle of the plane measured about the z-axis (β) is calculated from the planar

coefficient a0 using the equation below.

β = − arctan(a0) (C.6)

The error in the estimate of β has a variance vβ which can be approximated from the variance

of â0 (va0) which is taken as the first diagonal element in Px̂. This transformation from va0

to vβ is done using a First Order Taylor Series Linearization of Equation (C.6), resulting in

the relation given below.

vβ =
va0

(â2
0 + 1)2

(C.7)
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Appendix D

Hough Transform Circle Fit

The Hough Transform Circle Fit seeks to estimate the 2D position center (xc, yc) and ra-

dius (r) of a circle that best fits a set of m points in 2 dimensional cartesian space ({xi, yi}mi=1).

The Hough Transform fit technique is a voting based scheme that requires a 3 dimensional

matrix accumulator (M) for estimating the three parameters of a circle [81]. The radius is

limited to a search space of size Nr that is determined by a user defined minimum radius

(rmin), maximum radius (rmax), and step size (rstep) as {rmin, rmin + rstep, . . . , rmax}. Simi-

larly, the values of xc/yc have corresponding search space of size Nxc/Nyc defined by minimum

values (xc,min/yc,min), maximum values (xc,max/yc,max) and step (xc,step/yc,step). The accu-

mulator for a given search space will be an integer-valued matrix of size Nxc×Nyc× (Nr−1)

and is initialized with all zeros at the start of the operation.

Let pi = [xi, yi] denote a sample in the provided set of points. Each pi will be evaluated

within the search space for scoring the accumulator. For each combination of xc,ii and yc,jj

in the search space, a circle of a specific radius exists (rii,jj) that passes through pi. This

radius is calculated using the formula for a circle as shown in the equation below.

rii,jj =

√
(xi − xc,ii)2 + (yi − yc,jj)2 (D.1)

The value of rii,jj is compared to the bin edges of the radius search space. If rii,jj lies

within a radius search bin at kk, the accumulator will be incremented as Mii,jj,kk += 1.

After looping through all m points, the circle parameters are taken as the xc, yc, and r

values associated with the accumulator bin with the highest count.
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