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Abstract

Many intelligent transportation systems applications require precise relative vehicle posi-

tion. Global Navigation Satellite Systems, particularly GPS currently provide this through

either absolute or di�erential positioning. GPS performance is limited in environments with

degraded or block signals.

This thesis proposes to augment di�erential GPS (DGPS) with range and bearing obser-

vations to surrounding vehicles and infrastructure and accomplishes this by tightly integrat-

ing DGPS, range and bearing observations in a small network of vehicles or infrastructure

points.. The performance of this system is assessed using real GPS, and Ultra-Wide Band

(UWB) ranging radio observations and \simulated" bearing data. The integrated solution

outperforms the DGPS only solution. A Vehicle-to-Infrastructure (V2I) test at a deep urban

canyon intersection show sub-metre to metre level horizontal positioning accuracy with three

UWB ranging radios deployed at intersection, compared to tens of metres accuracy of DGPS

only. For Vehicle-to-Vehicle (V2V), the DGPS and UWB outperforms DGPS only by 10%.

Systematic UWB range errors are e�ectively estimated if integrated with the DGPS carrier

phase Real Time Kinematic (RTK) solution. As a result, the UWB ranges improves the

convergence of the carrier phase RTK 
oat solution and the time to �x ambiguities.

A full-order decentralized �lter with post estimation information fusion was developed

for V2V cooperative navigation. The full-order decentralized estimate on each vehicle can be

fused with the estimate of other vehicles to achieve the centralized equivalent estimate, even

if these estimates have di�erent nuisance error states (including UWB systematic errors and

carrier phase ambiguities), by fully taking account of the correlation in the observations and

state covariance the �lter has, which is demonstrated using GPS data and UWB range data

collected in three-vehicle V2V �eld tests. In other cases if some of the correlation between

the nuisance error states and the position states is being ignored, the vehicle that has access
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to fewer observations can still also bene�t from the cooperation via fusing its estimate with

that of another vehicle that has better solution.
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Chapter 1

Introduction

This chapter �rstly describes the technology background of this research followed by the

motivation of this research based on the application requirements for vehicular navigation

and safety. Then, a literature review is conducted to present related research work has been

done and their scopes and limitations. Finally, this chapter concludes with the contributions

of this research and the content organization of the remainder of this thesis.

1.1 Background

Vehicular transportation is now an indispensable aspect of the civilian society, which brings

great convenience to people’s lives and enhances the social productivity. However, while

enjoying the huge bene�t of the vehicular transportation, we have to face the injuries and

fatalities each year all over the world due to the imperfect vehicular safety system. If de-

veloped technology was present in the transportation system, it is possible to substantially

reduce the number of vehicle crashes and road accidents. These crashes and accidents also

cause a large cost burden to the society, for example, auto accidents cost the United States

$230 billion in 2010 as estimated in Kuchinskas (2012). Furthermore, in addition to the

price that has to be paid for the auto accidents, road tra�c congestion results in a huge

economic price as well, for example, the tra�c congestion costs of the United States have

increased from $24 billion in 1982 to $121 billion in 2011 (Schrank et al, 2012). In all, from

any perspective, it is desired for the society to improve the road transportation safety and

e�ciency with consistent e�ort.

Along with the evolution of tra�c operations and management towards a whole system

and the development of sophisticated hardware and software platforms, the Intelligent Trans-
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portation Systems (ITS) is currently being extended from its initial capability from control-

ling tra�c lights and electronic signs to interact with road transportation users, to enabling

Location Based Services, communication between road entities, intelligent signalling, and

tra�c information management and tra�c 
ow control. Thus, ITS is considered a promis-

ing technology to cope with the problems in the vehicular transportation system, and its

goal is to provide innovative service for the road users who will be better informed with

of potential hazards. The road users can then make better decisions for their own bene�t.

The ITS Joint Program O�ce of the U.S. Department of Transportation proposed a pro-

gram of connected vehicle research to develop and deploy a fully connected transportation

system providing operations that minimize risk and maximize opportunity, which requires a

robust underlying technology platform (U.S. DoT, 2013a). Based on such a system design,

many connected vehicle applications have been proposed with safety as the main require-

ment priority. These applications are designed to increase situational awareness capability

of the on road vehicles and reduce or eliminate crashes through Vehicle-to-Vehicle (V2V)

and Vehicle-to-Infrastructure (V2I), collectively represented as V2X, communication that

supports: driver advisories, drive warnings, and vehicle and/or infrastructure controls. The

expectation is that these technologies will potentially address up to 82% of crash scenarios

with unimpaired drivers, preventing tens of thousands of automobile crashes in the United

States every year (U.S. DoT, 2013a).

Conceptually, V2V communication refers to the wireless exchange of data between one

vehicle and its neighboring vehicles aiming to o�er the opportunity for substantial safety

improvements (U.S. DoT, 2013d). By exchanging position, velocity, and location informa-

tion, V2V communication enables the vehicles the capability of being aware of their situation

within a full 360-degree neighbourhood via knowing the position of the other vehicles. Then

this exchanged information can be combined and analyzed on each vehicle for risk estima-

tion, advisory or warning generation, and ultimately to help the driver or user to prevent
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hazards and avoid crashes and accidents. At the heart of V2V communication is the data

message consisting of the vehicle’s location and speed information, which can be derived

from on-board vehicle sensors and non-vehicle based technologies including Global Naviga-

tion Satellite Systems (GNSS). Since 2002, numerous research projects have been conducted

in the U.S. to assess the feasibility of developing e�ective crash avoidance systems that utilize

V2V communications. A few most critical scenarios that have been demonstrated with V2V

safety applications are (U.S. DoT, 2013d; ARRB Project Team, 2013):

� Emergency Brake Light Warning

� Forward Collision Warning

� Intersection Movement Assist

� Blind Spot and Lane Change Warning

� Do Not Pass Warning and Control Loss Warning

Researchers in Europe also have undertaken research and development in ITS projects for

safety reasons. One of the key projects is SAFESPOT which includes the e�ort in several

V2V applications as listed below (ARRB Project Team, 2013):

� Intersection safety application

� Safe overtaking application

� Head-on collision and rear-end collision warning

� Speed limitation and safety distance

� Frontal collision warning

� Road condition status

� Curve warning

� Vulnerable road user detection and accident avoidance

Apart from these V2V application achievements, however, there are other applications that

also attract extensive attention, such as intersection collision avoidance for both vehicles
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and pedestrians, which leads to the necessity of a V2I approach. V2I communication is

intended for wireless data exchange between road users and roadside infrastructures, which

is expected to be the complementary system of V2V to resolve an additional 12% of crash

types (U.S. DoT, 2013c). In addition, V2I communication are also of great signi�cance to

improve transportation safety by reducing delays and congestion. The V2I technology seems

promising to further improve intersection safety utilizing the rich infrastructure typically

located around a tra�c intersection. Several V2I applications in the European SAFESPOT

project are listed below (ARRB Project Team, 2013):

� Speed alert

� Hazard and incident warning

� Intelligent cooperative intersection safety

� Road departure

� Safety margin for assistance and emergence vehicle

A general concept of V2X systems is shown in Figure 1.1, where the vehicles, infrastructure

(tra�c lights) and even the pedestrians in safety critical areas are assumed to have commu-

nication and positioning capability to exchange information for enhanced relative position

determination and thus enhanced safety.

By summarizing the above description about a V2X system, it is found that the po-

sitioning system plays an important role. More speci�cally, precise relative positioning is

the key requirement for both V2V and V2I applications (ARRB Project Team, 2013). In

order to develop these applications, it is essential to grasp the performance requirements on

communication and positioning, and utilize proper technologies that are feasible and e�ec-

tive. Currently, the prevalent vehicular positioning system is the GNSS, including GPS of

the United States, GLobal NAvigation Satellite System (GLONASS) of Russia, Beidou of

China, and Galileo of Europe. GPS is the �rst global system to become fully operational

and provide positioning and timing service for civilian uses without cost. GLONASS is also
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Figure 1.1: An illustration of V2X System (from: (Basnayake, 2011))

providing global service for civilian usage and has become a mutually complementary system

to GPS in many vehicular positioning applications. Beidou is fully functional and providing

regional service to the Asia-Paci�c area and is expanding its coverage in the foreseeable a few

years. Galileo is also undergoing continuous development to provide global civilian service.

Since the debut of GPS decades ago, the GNSS has becoming a necessity in civilian life and

particularly in transportation. The GNSS receiver has become a standard feature in many

types of vehicles and these vehicles bene�t from positioning service, although GNSS stand-

alone single-point positioning accuracy is typically a few metres in ideal conditions (clear

view of the sky in all directions with limited sources of multipath nearby). To improve posi-

tioning accuracy for some applications, the di�erential GNSS relative positioning technique

is usually adopted and requires another static or mobile GNSS receiver to provide GNSS

observation error corrections to compensate for the spatially correlated observation errors

present at the user receiver. For the V2X system herein, the di�erential GNSS technique �ts
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quite well for the relative positioning requirement, and can be accomplished by exchanging

raw GNSS data between vehicles or between vehicles and roadside infrastructure. The details

of di�erential GPS (DGPS) relative navigation will be presented in the next chapter. This

research focuses on using GPS speci�cally, however the concept and results can be extended

to include other GNSS easily. For further information on the multiple GNSS refer to Misra

and Enge (2006).

In addition to the essential positioning functionality in a V2X system, the V2X system

also requires secure and reliable communication. This fact motivates the advent of the Ded-

icated Short Range Communications (DSRC) that is dedicated for critical communications-

based active safety applications, i.e. the V2V and V2I applications to reduce collision and

crashes through real time advisories by alerting the driver to imminent hazards, e.g. colli-

sion in predicted path or merging (U.S. DoT, 2013b). The DSRC is a two-way short- to-

medium-range (within 1000 m) wireless communications capability that allows very high

data transmission, and has been a research priority in of the ITS �eld recently. The Federal

Communication Commission allocated 75 MHz of spectrum in the 5.9 GHz band for use

by ITS radio services for vehicular safety and mobility applications, the DSRC has been

licensed to use this radio service, i.e. have the same 75 MHz spectrum spanning from 5.850

GHz to 5.925 GHz. Further, the DSRC protocol de�nes several channels each with 10 MHz

bandwidth, which mean that at least one channel of 10 MHz bandwidth is available for V2X

data exchange and information sharing in order to enhance the V2X positioning. For more

details about DSRC, refer to Kenney (2011).

1.2 Problem Statement and Proposed Solution

The ultimate objective of the V2X system is to enable the vehicles on road to extend their ca-

pability of location awareness, by using the position information obtained from their onboard

positioning systems, to the capability of situation awareness, by exchanging information us-
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ing their onboard communication facilities, in order to enhance the critical vehicular safety.

As stated in the previous section, the DSRC solves the need of a feasible communication

system in the vehicular environment. The positioning system is the essential part of the

V2X system, and GPS has been the dominant positioning system for vehicular applications.

However, the positioning performance of GPS is limited by the adverse local environment

where the GPS signal can be substantially degraded or mostly blocked. A typical example

of an urban canyon environment is shown on the left in Figure 1.2, and the poor accuracy

of pseudorange DGPS alone positioning due to heavy multipath and high elevation satellite

blockage in that environment is shown on the right.

Figure 1.2: A typical urban canyon environment where GPS positioning is limited

In terms of positioning accuracy, Shladover and Tan (2006) argue that 10 Hz of position-

ing solution with accuracy of no worse than 0.5 m or of 1.0 m as the minimum requirement

is desirable for vehicular safety critical applications such as cooperative collision warning.

Furthermore, Sengupta et al (2007) claim that 0.5 m (at least 0.9 m) of positioning accu-
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racy for lane discrimination is required for cooperative collision warning systems through

experimental validation. The previous accuracy requirements are quanti�ed in the absolute

positioning sense. Basnayake et al (2010) generalize the positioning accuracy requirement of

a V2X system in the relative position sense as follows:

� Which road: the typical accuracy requirement is better than 5 m for one vehicle to

know if another vehicle is on the same road;

� Which lane: the typical accuracy requirement is better than 1.5 m allowing one

vehicle to know which lane the other vehicle is in;

� Where in lane: the typical accuracy requirement is better than 1 m permitting one

vehicle to know where is the other vehicle in the same lane.

A similar positioning accuracy requirement classi�cation can be found in ARRB Project

Team (2013) and is presented as road-level, lane-level, and where-in-lane-level corresponding

to the above classi�cation respectively. Note that the above accuracy requirements are in a

relative position sense for V2V applications but are adapted to an absolute position sense

for V2I applications if the infrastructure is static and its absolute coordinates is assumed

precisely known. Also note in V2V applications other than safety related but targeting to

improve transportation e�ciency such as the duplication of trajectory in a vehicle platoon,

even better accuracy is required, e.g. sub-decimetre or centimetre level as in Travis et al

(2011). This requires GNSS carrier phase RTK positioning capability.

In order to meet the various level positioning accuracy, the absolute positioning capabil-

ity of GPS and DGPS alone would certainly fail when vehicles are driving in adverse GPS

environment. In addition, of particular interest is the relative positioning accuracy of the

V2X system obtained by di�erencing the absolute positions between vehicles, which is shown

as unsatisfactory, for an example, by the experimental evaluation in Basnayake (2011). In

this paper, two methods are compared in terms of V2V relative positioning accuracy with
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two vehicles equipped with GPS receivers only, one method is the GPS relative positioning

technique, the other is by directly di�erencing the absolute GPS positions of two vehicles.

The two methods used the same set of GPS observations and results showed better accuracy

was achieved by using the GPS relative positioning technique, also known as moving base-

station DGPS, however further improvement is still needed during certain circumstances

when the observability of GPS satellites is limited. The proposed solution for relative po-

sitioning accuracy enhancement which involves moving base-station DGPS augmented with

direct V2X range and bearing observations in a small scale vehicular network is illustrated in

Figure 1.3. This solution has been demonstrated in Petovello et al (2012) with preliminary

tests and results. In this thesis, this proposed solution is extended to contribute further de-

velopment in three-fold: First, to develop a moving base-station DGPS based multi-baseline

estimation approach for multi-vehicle relative positioning, instead of utilizing the traditional

single-baseline estimation between each vehicle pair; Secondly, to decentralize the V2V rela-

tive positioning estimation into each vehicle with post-estimation information fusion of the

estimates obtained from di�erent vehicles; Thirdly, to properly handle the additional nui-

sance error states or GPS ambiguity states of the observations over one vehicle’s dependent

baseline, in order to achieve successful fusion of the decentralized estimates.
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Figure 1.3: Cooperative relative positioning using DGPS augmented with V2X observations

1.3 Related Research

This section presents a brief literature review regarding the related research on V2X GPS

relative navigation and its augmentation with V2I and V2V observations, such as range

and bearing, cooperative navigation in a vehicular network, and decentralized estimation

methodologies for a group of vehicles.

1.3.1 Cooperative navigation using GPS

Cooperative navigation refers to the operations that facilitate the navigation of one entity via

necessary data exchange and information sharing with other entities through communication.

DGPS relative navigation between two GPS receivers can be categorized into the class of

cooperative navigation due to that one receiver (rover) needs cooperation (sharing data)

from the other receiver (reference), especially when it is used for V2V applications with

moving reference receiver. There have been plenty research and testing work on qualifying

10



the usage of GPS for cooperative navigation in V2V applications.

Ong et al (2009) carried out a few �eld tests using GPS/GLONASS carrier phase RTK

(i.e. DGPS using carrier phase observations) to assess the practical V2V relative positioning

performance under various signal environments. They found that GPS RTK provides 2 cm

Root-Mean-Square (RMS) error in favorable environments, e.g. highway; in a residential area

with overhead foliage, GPS RTK can only provide sub-decimetre accuracy 56% of the time;

and GPS RTK is almost unable to �x carrier phase ambiguities and the positioning accuracy

is extremely limited (50 m RMS in 52% of the time) in urban canyons. Note that these

test results were presented in terms of the absolute positioning accuracy. For evaluating the

relative positioning accuracy in V2V applications, several �eld tests have been presented in

Basnayake (2011) and Basnayake et al (2011) to evaluate and compare the absolute position

di�erencing method, code and Doppler DGPS, and GPS carrier phase RTK (
oat solution

only without �xing ambiguities). The key �ndings are: the absolute position di�erencing

method is highly sensitive to GPS receiver dependent positioning errors and is hardly able

to provide \Which Lane" accuracy with high con�dence; RTK provides the best results and

meets the \which lane" (more than 95% of the time) and \where in lane" (more than 85%

of the time) accuracy requirements, with the cost of dealing with carrier phase ambiguities;

it is surprising to �nd that code and Doppler DGPS provides similar performance to the

RTK method at the \which lane" level, which may be due to the receivers used for data

collection using the carrier-smoothing-code functionality and thus providing more accurate

code measurements.

The above work reviewed only assesses the positioning performance in a two-vehicle con-

�guration, i.e. single-baseline estimation, providing the system performance basis. Other

research works extend the DGPS relative navigation to the scenario with multiple vehicles.

Busse (2003) demonstrated the relative positioning capability of carrier phase DGPS on low

earth orbit spacecraft formation 
ying. Based on simulation testing, centimetre accuracy is
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achievable. DGPS relative positioning has also been demonstrated in vehicle platoon organi-

zation and control by making vehicles traveling together into a platoon with centimetre level

relative positioning capability, which bene�ts the road capacity, road safety, while reducing

drive fatigue and stress (Cannon et al, 2003). Travis et al (2011) applied DGPS relative

positioning in trajectory duplication for ground vehicle convoys using carrier phase RTK

with moving references receivers. The limitation of these works is that only single-baseline

estimation is utilized ignoring the correlation between the observations over these baselines.

Luo (2001) developed a precise relative positioning system for multiple moving platforms

using GPS carrier phase observables. This method takes advantage of the con�guration

redundancy of multiple moving platforms to improve the GPS carrier phase ambiguity �x-

ing performance. Comparing with the single-baseline (two platform) case, the time to �x

ambiguities, the time to detect wrong ambiguities, and the ability to �x more baselines are

all improved. However, although this method accounted for the constraint on the carri-

er phase ambiguities in a con�guration formed by multiple baseline, it still performs only

single-baseline estimation and thus ignores the correlation between the observations over the

baselines.

For a relatively large scale of vehicular network, Schattenberg et al (2012) discussed the

relative positioning approach based on the exchange of GNSS raw data among a group of

vehicles all with GNSS receivers mounted, and investigated the di�erent routing algorithms

for a time variant mobile ad hoc network structure to deal with the rapid change in topology

and the high demand of quick data exchange. This work provides indications on real time

implementation of relative positioning in a mobile ad hoc network based on cooperative

GNSS navigation.

1.3.2 Cooperative navigation using V2X observations

The typical V2X observations considered here are range and bearing observations, which

can be obtained not only through DSRC or UWB systems, but also other object sensing
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systems, for example, vision, ultrasonic, and radar sensing systems. In a V2X system, these

observations can be obtained from the transceivers on the vehicles and roadside infrastruc-

tures among the network and can be used to facilitate cooperative navigation. A signi�cant

amount of work has been done in the literature of robots and wireless sensor network local-

ization, and in the literature of vehicular navigation when the GPS is degraded or denied.

Roumeliotis and Bekey (2002) proposed a collaborative localization scheme to improve

the position and orientation estimates for robots equipped with proprioceptive and exte-

roceptive sensors to update one robot’s own position and communicate with other robots

with mutual relative range and orientation observations. This work is a general algorithm

development and thus can be extended to vehicular applications straightforwardly. Kukshya

et al (2005) designed a scheme for localizing neighboring vehicles based on radio range mea-

surements in order to build accurate map using the relative positions among vehicles. The

performance of this algorithm degrades with the range errors. Parker and Valaee (2006) pre-

sented a prototype of using inter-vehicle range estimates for distributed vehicle localization

in a vehicular ad hoc network as a complement to GPS and showed accuracy improvement

over GPS. The inter-vehicle distances were assumed to measured by a radio-based ranging

technology that is not implemented by a practical sensor. Benslimane (2005) proposed an

improvement to a protocol for disseminating alarm messages to support for GPS-unequipped

vehicles or vehicles in GPS-denied environment based on the GPS-equipped vehicles in the

vicinity. To improve the localization performance, range measurements have to be made

between the GPS-unequipped vehicle and at least three nearby GPS-equipped vehicles for

which the position and velocity information are also needed. The study in Sharma and

Taylor (2008) demonstrates the e�ectiveness of the range and bearing measurement for im-

proved performance in cooperative navigation of a group of miniature air vehicles. Based

on their proposed method, even only one bearing measurement can reduce the overall error.

Knuth and Barooah (2009) also propose a method of collaborative localization assuming
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vehicles can measure relative position and orientation measurements between each other,

which claims to have better performance than using vehicle on-board sensors.

With the advent of DSRC, research has done to utilize the inter-vehicle range or Doppler

obtained using DSRC for cooperative positioning in vehicle networks. As in Efatmaneshnik

et al (2012), a non-classic Multi-dimensional Scaling algorithm was improved to make it

suitable for vehicular networks, and its e�ectiveness was demonstrated for vehicular cooper-

ative positioning using simulated DSRC ranges. The improvements were obtained �rst from

a novel covariance estimation approach for non-classic Multi-dimensional Scaling algorithm.

Secondly, a Maximum Likelihood �lter is applied. Thirdly, the algorithm is blended with a

Map-Matching information to reduce the number of estimation iterations. GPS plays the

role in providing absolute position to the group of vehicles. The �ltering methodology is

to fuse the known positions, relative locations estimated from available inter-vehicle ranges,

and map information. Simulation results showed that the proposed cooperative positioning

algorithm with Map-Matching outperforms an extended Kalman �lter (EKF) by 20 cm on

average due to the successful fusion of the Map-Matching information without increasing

the computational complexity. Alam et al (2011) investigated a DSRC Doppler-based co-

operative positioning enhancement for vehicular networks and improvement of up to 48%

over the GPS accuracy is achieved. Further, Alam et al (2013) investigated a tight integra-

tion approach for relative positioning enhancement in vehicular networks using inter-vehicle

range and/or Doppler data and raw GPS pseudoranges, the results from �eld test showed

37% accuracy improvement over DGPS positioning.

The above works are appealing in dealing with cooperative navigation problem where

GPS is not playing the key role, and were demonstrated to outperform the approach of

absolute positioning of individual vehicle using vehicle onboard sensors only. However, these

works all require the use of relative ranges or bearing measurements that are all assumed to

be available from radio ranging techniques or other sensors, and the practical performance
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is not at all or not su�ciently assessed in all of these cases.

1.3.3 GPS augmented with bearing and UWB range observations

There are various of systems capable of providing ranging in a V2X scenario, this thesis

seeks to investigate a practical ranging sensor, i.e. the UWB ranging radios used herein, to

provide actual V2X range observations to augment GPS for positioning. In addition, the

bearing observation is also considered as another type of GPS augmentation, despite the fact

that we did not have access to a real bearing sensor.Related research is described as follows.

Gonzalez et al (2007) presented a probabilistic estimation framework for GNSS and UWB

range fusion to investigate indoor and outdoor vehicle localization with experimental results

using commercial GPS receiver and UWB ranging radios, but this paper only investigates

the single-point GPS integrated with UWB range solution. A similar study can be found in

Fernandez-Madrigal et al (2007). In this paper, the GPS positions and associated covariance

information with UWB range measurements are combined as system observations. The �rst

tight integration of UWB ranges and di�erential GPS pseudoranges for pedestrian navigation

applications was demonstrated by Chiu and OKeefe (2008), where the tight integration

indicates the raw UWB ranges and GPS pseudoranges are used as the observations of the

positioning �lter. A scale factor and bias were found from the UWB observations made

in �eld tests that also showed metre-level or better accuracies for the UWB augmented

GPS positioning. MacGougan and OKeefe (2009) and MacGougan et al (2010b) presented

the �rst results on tightly-coupled GNSS carrier phase measurements and UWB ranges for

RTK positioning applications. These studies demonstrate that the UWB errors can be

successfully estimated in a real-time manner. Static testing showed improved accuracy and

ability to resolve GPS carrier phase integer ambiguities as well as enhanced �xed ambiguity

position solution availability compared with GPS-alone, while the pedestrian speed kinematic

testing demonstrated the ability to maintain sub-decimetre accuracy in severe GPS signal

environments. Jiang (2012) applied UWB range augmentation in carrier phase RTK relative
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positioning for a V2I application intended for intersection safety. This investigation found

the positioning accuracy was improved even with only one UWB ranging infrastructure

beside the road on the approach to an intersection, and the carrier phase ambiguity �xing

performance is also improved in terms of time to �rst �x.

In addition to inter-vehicle range, the inter-vehicle bearing observations are also of in-

terest to augment DGPS for V2V relative positioning. Petovello et al (2013) conducted a

thorough least-squares and Kalman �ltering covariance analysis to assess the e�ect of aug-

menting DGPS with inter-vehicle range and bearing observations. Several key �ndings are:

the integrated solution availability is considerably increased with the addition of the range

and/or bearing observations; Range provides the improvement on the along-track component

estimation and bearing on the across-track component in terms of relative positioning ac-

curacy, and the integrated solution provides metre level horizontal accuracy greatly reduced

from more than 100 m GPS only solution when GPS has an elevation mask of 45o or more, if

highly accurate range and bearing observations were available; the statistical reliability of the

integrated system is shown to be better than GPS only. Further, the bene�t of inter-vehicle

range and bearing were assessed and demonstrated in Petovello et al (2012) for V2V rela-

tive positioning using �eld test collected GPS data, UWB ranges obtained from commercial

UWB ranging radios, and \simulated" bearing data. Amirloo Abolfathi and O’Keefe (2013)

utilized practical bearing measurements derived from a single camera through computer vi-

sion processing to integrate with DGPS and UWB ranging for V2V relative positioning.

The reported bearing measurement accuracy is better than 1 degree, excluding some outliers

due to miss-detection, which bene�ts the relative positioning in the across-track direction as

expected.

1.3.4 Decentralized cooperative navigation

Due to the distributed nature of the vehicle ad-hoc networks, many research e�orts have been

made to address the approach of decentralized estimation for cooperative navigation in con-
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trast to a centralized estimation that requires full communication connectivity between the

other vehicles to a central vehicle or processing center. The main motivation of decentralized

processing is to lessen requirement for data transmission to a central vehicle or processor

and also to allow for greater scalability of networks. Roumeliotis and Bekey (2002) pro-

posed a collective localization method based on a Kalman �lter for distributed multi-robot

(multi-vehicle) localization by fully decomposing the correlation among the positioning states

among robots. This method does not need full connectivity and each robot only processes

its own local sensor data and only communicates with others whenever necessary. For GPS

related cooperative navigation applications, Park (2001) proposed a decentralized reduced-

order estimation algorithm for spacecraft formation 
ying using an iterative cascaded EKF

wherein each vehicle estimates only its local state (i.e. the relative positions between this

vehicle and the other vehicles), which was intended for applications that use inter-vehicle

range to augment DGPS relative positioning. Ferguson and How (2003) review several decen-

tralization algorithms for spacecraft formation 
ying and compare them using simulations.

This paper concludes that the centralized or the full-order decentralized �lters provide the

best estimation accuracy but are limited by high communication and computational require-

ments, and the reduced-order decentralized �lters (such as in Park (2001)) provide a good

balance between communication, computation and performance and are recommended for

small to medium scale 
eets, but these �lters require large degree of synchronization within

a large vehicle 
eet. The full-order and reduced-order here refer to the dimension of the �lter

state vector in relative positioning among a group of vehicles. The full-order means a �lter

estimates all the relative position states among a group of vehicles, while reduced-order �lter

estimates only the relative positions between the vehicle which runs the �lter and its neigh-

boring vehicles. This paper �nally suggests a hierarchic estimation architecture comprised

of reduced-order decentralized �lters.

Other decentralization methods that focus more on accuracy and attempt to maintain
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the equivalence to centralized estimation generally employ an information �lter (Nebot et al,

1999; Speyer, 1979). These methods are algebraically equivalent to the centralized estima-

tion approach, according to Ferguson and How (2003), however have several drawbacks,

such as large data transmission to exchange estimates and associated covariance and full

connectivity requirements in order to assimilate or fuse the estimates from each decentral-

ized �lter. Another decentralized estimation method with not only decentralization but

also post-estimation information fusion is described in Carlson (1990), where an e�cient

federated Kalman �lter for distributed multi-sensor systems was developed. This design

accommodates sensor-dedicated local �lters which run in parallel to achieve signi�cant im-

provement in throughput and is suitable for real-time distributed system applications such

as multi-sensor cooperative navigation. This work describes a prototype of implementation

of a traditional two-stage federated Kalman �lter. An application of this approach is shown

in Edelmayer et al (2008) for cooperative positioning in vehicle ad hoc networks. Edelmayer

et al (2010) further addresses the cooperative positioning challenges and proposes a gener-

al framework for V2X applications in vehicle ad hoc networks using a modi�ed federated

�ltering approach. This approach accounts for both system fault tolerance capability and

estimation accuracy, which depends on the communication capability between vehicles.

In summary, there are several limitations in the literature of multi-vehicle relative navi-

gation using DGPS and/or inter-vehicle relative observations: �rst, correlation exists in the

observation and state covariance that has not been fully accounted for in early attempts to

develop distributed processing schemes; second, signi�cant work has been done in simulation

for multi-vehicle cooperative navigation but very few results using real data have been re-

ported; �nally, little work has been done in assessing the performance of integrating DGPS

with inter-vehicle relative observations obtained from commercially available sensors.
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1.4 Objectives and Contributions

By examining the related research elaborated in the previous section, the following limi-

tations are found: a) the DGPS technique was found in the literature to be e�ective for

V2V relative positioning in terms of positioning accuracy, but no rigorous algorithm were

developed for multi-vehicle relative positioning based on the DGPS technique; b) the V2X

observations (e.g. inter-vehicle range and range-rate measurements) has been extensively

studied in various cooperative positioning algorithms and mostly tested with simulation,

however V2X observations obtained from commercial sensors were rarely investigated in a

multi-vehicle scenario and also in the scenario used to augment DGPS; c) some decentralized

�ltering work based on DGPS technique was found in the literature, but no work has been

done to fully consider the correlation between the vehicle nodes inherent with the DGPS

technique, also no work has been done to fuse the estimates obtained from decentralized

DGPS processing to possibly achieve better results.

Motivated by the theoretically achievable performance of cooperative navigation using

GPS, and by the potential enhancement that can be obtained from augmenting the GP-

S with V2X relative observations, the overall objective of this research is to develop and

demonstrate a decentralized cooperative relative navigation system using GPS integrated

with V2X UWB range obtained from commercial ranging radios and \simulated" bearing

data to meet the di�erent levels of positioning performance required by a V2X system for

vehicular applications. Several speci�c objectives are outlined as follows:

1. To develop a feasible time synchronization scheme to have the UWB ranges time-tagged

by GPS time. Prior work at the University of Calgary dealing with pedestrian motion

did not require accurate time-tagging of measurements however the higher dynamics

observed in V2X networks require more accurate synchronization of measurements.

2. To characterize and assess the UWB range systematic errors of the available commercial

UWB radios in V2X applications. The UWB range systematic errors previously have
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been characterized through several static and pedestrian kinematic applications, re-

examination of these errors is necessary before integrating with GPS.

3. To re�ne the existing software that was developed for relative positioning in a cen-

tralized multi-baseline estimator. The program is implemented based on DGPS multi-

baseline estimation that is then integrated with real world UWB ranges and simulated

bearing. The nuisance parameters of the range and bearing have to be estimated along

with other states including carrier phase ambiguities. Necessary blunder detection

methods are also needed, particularly to detect and exclude UWB range blunders.

4. To develop a decentralized estimation algorithm with information fusion capability

and implement it in software. In order to evaluate the positioning performance bene�t

obtained from the cooperation of multiple vehicles, not only the decentralized �ltering

functionality is needed, but also the information fusion from each �lter is also necessary.

5. To demonstration the relative positioning performance of the implemented V2X system

post processing but using real world data collected from �eld tests. The real-data

aspect is important because most of the prior work in this area has been in the form

of simulation studies.

Based on the above objectives, the following major contributions were made to the liter-

ature of moving reference station DGPS for vehicular networks and its augmentation with

range and bearing for V2X cooperative navigation:

� Implementation of a moving base-station DGPS based multi-baseline estimation ap-

proach with the tight-integration of direct V2V range and bearing measurements, and

its evaluation using real world GPS data and UWB range measurements and simulat-

ed bearing measurements to characterize the bene�t of direct V2V range and bearing

observations for cooperative navigation compared to using DGPS only.
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� Development a decentralized multi-baseline estimation approach for V2V cooperative

relative positioning using DGPS and V2V range and bearing observations, with post-

estimation information fusion to achieve centralized equivalent estimates by properly

taking account of the independent observations over the dependent baselines and the

full treatment of measurement and state covariance.

� Development and demonstration of an approach to handle the additional nuisance

error states (e.g. GPS carrier phase ambiguities) associated with the independent

observations over the dependent baselines, when fusing the decentralized estimate from

each vehicle in order to obtain centralized equivalent estimates.

The results presented in this thesis have been published in one peer-reviewed full length

conference paper, and three technical reports to General Motors (the industrial sponsor of

this project). Two peer-review journal papers are in preparation.

1.5 Thesis Outline

The content of the remainder of this thesis is outlined as follows.

Chapter 2 reviews the fundamentals GPS for navigation, especially the DGPS technique

for relative navigation and GPS carrier phase RTK for precise relative positioning. The UWB

ranging radio system is also brie
y reviewed with emphasis on the range observation model

validation for the commercial UWB ranging radios used herein. At last, the mathematical

bearing observation model is introduced along with the suggested simulation of the bearing

data.

Chapter 3 �rstly presents the tightly-integrated positioning algorithm using DGPS and

UWB range as well as bearing measurement. The V2I positioning scenario is introduced

and a downtown V2I test with three UWB ranging radios set up around a busy tra�c

intersection is then described, followed by the results and analysis on the GNSS and UWB

range integrated V2I positioning solution.
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Chapter 4 extends the V2I DGPS positioning in the previous chapter to GPS multi-

baseline estimation algorithm based V2V relative positioning in a small vehicular network.

V2V data sets for experimental validation are then described in details. Finally, V2V test

results on multi-baseline estimation using GPS pseudorange and Doppler, UWB range and

simulated bearing are presented and discussed.

Chapter 5 presents the development of a EKF-based decentralized �ltering architecture

with additional information fusion. The speci�c methodology of using code DGPS multi-

baseline estimation augmented with UWB range observation and bearing data for V2V

cooperative navigation is then addressed. Results obtained from processing V2V data sets

are presented for algorithm demonstration.

Chapter 6 extends the V2V relative positioning to a carrier phase RTK multi-baseline es-

timation based approach, followed by results and discussion on centralized and decentralized

processing.

Chapter 7 closes this thesis with concluding remarks on the primary results and �nd-

ings during the development and demonstration of the V2X navigation system. Several

recommendations on potential future work are also brie
y discussed.
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Chapter 2

Overview of Systems, Sensors and Observations

Having the objective of using DGPS augmented with V2X range and bearing for the ve-

hicular relative navigation applications, before coming to the sensor fusion algorithm, this

chapter introduces the fundamentals of the involved systems and sensors. First, GPS is

reviewed brie
y focusing on its relative navigation functionality, error sources in observation

di�erencing and signal environments, and carrier phase RTK positioning. Then, the UWB

radio used in this research and the characterization of its errors, particularly its systematic

errors are reviewed. Finally, the concept of the bearing observation for relative positioning

the corresponding observation model are discussed.

2.1 Fundamentals of GPS for Relative Navigation

The GPS is the �rst passive and one-way ranging GNSS to become fully operational in 1994

since its �rst satellite launch in 1978, which is developed and maintained by the U.S. Depart-

ment of Defense primarily for military applications. However, it has been serving worldwide

civilian users since its civil signals are open to the public. The designed constellation of

24 satellites are in six orbital planes inclined at 55 degrees relative to the equatorial plane

at an altitude of about 20,200 km from the earth. Currently there are 31 operational GPS

satellites. This con�guration ensures a global coverage with at least four satellites simultane-

ously viewable. Usually six or more satellites are viewable for a user anywhere on the earth.

A key part of the GPS satellites is a very stable atomic clock from which all the satellites

are synchronized and time-synchronized pseudo-ranging measurements are obtainable at the

user’s end with a GPS receiver. With the open service user range accuracy, a typical GPS

civil receivers can achieve horizontal accuracy of 3 metres or better and vertical accuracy
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of 5 metres or better 95% of the time (Misra and Enge, 2006), facilitating the navigation

applications worldwide to bene�t modern society. Through continuous development, GPS

provides even higher positioning accuracy at the centimetre level to enable precise survey,

deformation monitoring and many other civil applications, using di�erential techniques. The

capability of providing various level of positioning accuracy makes the GPS contribute signif-

icantly to the world in the positioning, localization and navigation aspects. The remainder

of this section reviews the fundamentals of GPS relative navigation in detail for vehicular

applications.

2.1.1 GPS observables and observation di�erencing

The ability of GPS to o�er user’s receiver to calculate various types of range to each of the

satellite results from the well-designed structure of the transmitting signal on the GPS satel-

lites. Generally, there are two di�erent types of ranging signal obtainable from the designed

signal structures, i.e. the carrier and the pseudo-random noise (PRN) codes modulated on it.

The details of the multiple types of carrier frequency (e.g. L1 at 1575.42 MHz, L2 at 1227.60

MHz) and PRN code (e.g. L1 C/A, L2 CM) can be found in Misra and Enge (2006). As

such, there are three types of GPS observables that can be generated in the GPS receivers,

namely code pseudorange (denoted p), carrier phase (denoted �), and carrier Doppler (de-

noted _�). The pseudorange measurements is derived from measuring the time delay of the

incoming PRN code due to the propagation from the satellite to the receiver; the carrier

phase measurement is derived from counting the carrier phase cycles of the incoming carrier;

and the Doppler measurement is derived as the derivative of the carrier phase measurement,

which captures the range rate due to the relative motion between the satellite and receiver.

The following observation equations can be used to mathematically represent the three types
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of GPS observables (Lachapelle, 2008)

p = � + �� + c(dt � dT ) + T + I + m� + "� (2.1)

� = � + �� + c(dt � dT ) + T � I + �N + m� + "� (2.2)

_� = _� + _�� + c( _dt � _dT ) + _T � _I + m _� + " _� (2.3)

where the presentation _(�) denotes the time derivative of the quantity x and

� is the geometrical range between the satellite and receiver

�� is the satellite orbital error

c is the speed of light

dt is the satellite clock error

dT is the receiver clock error

T is the tropospheric error

I is the ionospheric error

� is the carrier wavelength

N is the integer carrier ambiguity cycles

m is the multipath error on the subscripted observation

" is the noise on the subscripted observation

Note from these equations that the ionosphere has a reversed e�ect on the pseudorange and

carrier phase observation with the same magnitude. Inherently, carrier phase is a much

more precise range measurement than the code pseudorange due to its precision of a carrier

wavelength, but is ambiguous due to the unknown integer carrier ambiguity. These error

sources in the three types of observation are comprehensively reviewed in Lachapelle (2008)

and Misra and Enge (2006). A few of them are brie
y reviewed in the following.
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Orbital error

As a trilateration positioning system, GPS needs to provide the user/receiver with the satel-

lite position (in the same coordinate frame) and velocity that can be derived from the GPS

ephemeris encoded in the navigation data message that is modulated on the GPS carrier sig-

nal. If the users extract the orbit information from the broadcast ephemeris , the accuracy is

limited to a few metres due to the problem of orbit prediction. Although precise ephemeris

with centimetres accuracy of orbits is achievable, it requires varying levels of latency and

thus is not feasible for real time applications. For example, there are a few types of products

that are tradeo� between the accuracy and latency provided by the International GNSS

Service (IGS, 2013).

Atmospheric errors

On the way of GPS signal propagation from the high altitude space down to the earth, there

are layers di�erent atmosphere (including the ionosphere and troposphere) causing errors in

the GPS signals with di�erent impacts. The ionosphere spans from a height of about 50 km

to about 1000 km above the earth, in which the presence of the free electrons induces code

delay but carrier phase advance on the GPS signal that is a function of the carrier frequency.

Its e�ect is determined primarily by the intensity of the solar activity, the geomagnetic

disturbances and so on (Misra and Enge, 2006). In addition, its e�ect also has diurnal

variation with the peak around 14:00 local time at the mid-latitude. Using the ionospheric

correction coe�cients broadcast in the ephemeris can remove 50% of the ionospheric delay at

mid-latitudes (Lachapelle, 2008). At a lower altitude, the non-dispersive troposphere causes

delay and refraction on the GPS signals due to its dense neutral atmosphere and also is the

region where most of the water vapor exists. Therefore, the troposphere induced delay is

divided into dry (hydrostatic) and wet components with the former accounting for 80-90%

of the total errors and is a function of the surface temperature and pressure and the latter

accounts for 10-20% of the total errors and is a function of the partial pressure of water vapor
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and the surface temperature. There are a few e�ective troposphere models to estimate the

zenith tropospheric delay using the meteorological data, which is then mapped to account

for the delay due to the slanted signal path for each satellite. As a result, the estimated

accuracy is about 1% for the dry component error but only 10-20% accuracy for the wet

component (Lachapelle, 2008).

Multipath

Multipath results from re
ected signals reaching the GPS receiver antenna in addition to

the LOS signal and causes systematic error in both the pseudorange and carrier phase mea-

surements. The magnitude of the resulting multipath error depends on the re
ector, the

antenna gain pattern, and the correlator used in the receiver, and the typical of pseudorange

multipath error can reaches up to half chip length of the PRN code given that the LOS

signal is stronger than the multipath, while the phase multipath error is much smaller and

has a maximum value of one quarter of the carrier phase cycle, e.g. about 4.8 cm for L1

carrier frequency (Lachapelle, 2008). The multipath error is non-Gaussian and decorrelates

spatially quickly but correlates from day-to-day for a given location provided the re
ector

geometry is stationary. In high-end GPS receivers, advanced correlator designs are employed

to reduce or mitigate the pseudorange multipath error to some extent. However, the phase

multipath is still one major error source for precise positioning since it decorrelates between

receivers at the two ends of the long baseline and cannot be eliminated through di�erencing.

In kinematic applications, the multipath error shows a more random pattern due to the rapid

change of the signal environment and thus the re
ectors.

Receiver noise

The receiver noise results from the receiver tracking loop and is related to the thermal noise,

the receiver dynamics, the quality of the oscillator, and the tracking loop strategy and so on.

The receiver dynamics here refers to the motion of the receiver and also possibly platform

vibration. If the receiver undergoes large dynamics, and the receiver utilizes tracking loop
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with relatively larger bandwidth, more noise is expected in this case. The receiver design

on the tracking strategy also impacts the noise performance. For example, the L1 C/A

pseudorange noise ranges from 5 to 200 cm for LOS measurements while it is only at the 10

cm level for the P(Y) pseudorange measurements. With advanced correlator and tracking

loop structures, however the L1 C/A code noise can be reduced to 10 cm level. The carrier

phase noise is only in the level of millimetre or sub-millimetre (Lachapelle, 2008), which does

not a�ect the carrier phase DGPS precise positioning much.

Observation di�erencing

In order to reduce or eliminate the e�ect of the error sources aforementioned, observation

di�erencing techniques are used (thus the term \di�erential GPS") to improve the positioning

accuracy. DGPS relative positioning utilizes an additional reference receiver with known

position information. The user (rover receiver) can thus utilize the observations sent from the

reference receiver to di�erence with its own observations. The most important observation

di�erencing techniques, the between-receiver single di�erencing (SD) operation is given by

�zi
rov;ref = zi

rov � zi
ref (2.4)

where � is the SD operator and zi denotes a measurement from satellite i. Therefore, the

between-receiver SD observation equations are

�p = �� + ��� � c�dT + �T + �I + m�� + "�� (2.5)

�� = �� + ��� � c�dT + �T � �I + ��N + m�� + "�� (2.6)

� _� = � _� + � _�� � c� _dT + � _T � � _I + m� _� + "� _� (2.7)

As can be seen from the above three SD equations, the satellite clock error is eliminated,

the spatially correlated errors (the orbital, ionospheric, and tropospheric errors) are reduced,

and the uncorrelated errors (noise and multipath) are increased.

To further reduce or eliminate the e�ect of these error sources, the double di�erencing

(DD) technique can be used, which is formed by di�erencing the SD observations of one
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satellite to another as

r�zi;j
rov;ref = (zi

rov � zi
ref ) � (zj

rov � zj
ref ) (2.8)

where r� denotes the DD operator. As such, the DD observation equations are formulated

as

r�p = r�� + r��� + r�T + r�I + mr�� + "r�� (2.9)

r�� = r�� + r��� + r�T � r�I + �r�N + mr�� + "r�� (2.10)

r� _� = r� _� + r� _�� + r� _T � r� _I + mr� _� + "r� _� (2.11)

The advantage of the DD observations is shown by the equations that the satellite and

receiver clock errors are all eliminated. It may appear that the spatially correlated errors are

further reduced at the expense of additional noise, however it can be shown that SD and DD

position and velocity estimation are equivalent, provided the full mathematical correlation of

the DD observations is accounted for in estimation. Double di�erencing e�ectively removes

one state (the receiver clock) from the estimation �lter at the expense of removing one of

the observations. The removal of the receiver clock is the key for the estimation of the 
oat

DD carrier phase ambiguity and the resolution of the integer DD carrier phase ambiguity.

The errors described in the previous subsections can be categorized into two types of er-

rors for between-receiver SD and DD operations: spatially correlated and uncorrelated errors.

For example, the orbital and atmospheric errors are spatially correlated and the noise and

multipath errors are spatially uncorrelated. The above observation di�erencing technique

can mitigate the spatially correlated errors to some extent depending on the separation of

the two receivers, and the typical values of these spatially correlated errors after observation

di�erencing are on the order of a few parts-per-million (ppm) (Lachapelle, 2008), where the

unit of ppm equivalently stands for 1 mm of error over a 1 km baseline (i.e. the receiver

separation). Note that the baseline length in this research is no more than 1 km and thus

the remaining spatially correlated errors are no more than a few centimetres. As such, the
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modeling and mitigation of these errors is not discussed here in detail.

In addition, GPS observations, particularly high rate observations, can contain temporary

correlated errors. In particular, ionosphere error, orbital errors, satellite clock errors and

multipath (Olynik et al, 2002). In very-short baseline DGPS, the time correlation of the

ionosphere and satellite orbit and clock errors are e�ectively removed in the between receiver

di�erence, however multipath can remain time correlated. This includes both day to day

correlation as the ground track repeats, but also the slowly varying nature of the multipath

bias itself, which can be correlated over 10s of minutes. This e�ect is most pronounced

for receivers that are stationary in a multipath environment. Neither of these e�ects are

signi�cant for receiver moving at typical vehicle speeds.

2.1.2 DGPS relative navigation

The GPS is designed to provide the user with distance measurements from the satellites to the

user, with which the user determines its desired information, such as position, velocity and

timing parameters. Thus, the user needs to have the functionality or conduct the process

of determining the unknown information from the measurements, which can be ful�lled

by signal estimation using an appropriate estimator. As summarized in Gelb (1974), the

estimator is a method that process measurements to determine the unknown parameters

of a system by using the knowledge of the measurements and system dynamics, known or

assumed statistics of the measurement noises and system noises, and certain initial condition

information. If the estimator can determine the unknown parameters in a minimum error

sense, then the estimator is called optimal. For positioning and navigation applications,

the least-squares method and the KF are the well-known and widely used linear estimators.

Generally, the least-squares method estimates the unknown parameters from a redundant

set of observations through a known mathematical model with the aim to obtain the least

mean square errors. Comparing with the least-squares method, the KF is an estimator

that estimates the unknown parameters by considering them having linear dynamics that
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also can be modeled. The KF is an optimal, linear minimum-mean-square-error estimator

with the system model and measurement models conforming to the Bayesian linear model,

assuming the measurement noise and system uncertainty are jointly Gaussian distributed.

The equations of the standard linear KF is brie
y presented in the following subsection. Due

to the nonlinearity in the GPS navigation equations, the extended Kalman �lter (EKF) is

used as the navigation estimator instead of a linear KF, which is presented below following

the derivation in Brown and Hwang (2012) and Gelb (1974).

The extended Kalman �lter

Before the discussion of EKF, the general KF equations are brie
y presented. The continuous-

time state-space representation of a linear system is given by (Gelb, 1974), in the absence of

the deterministic input,

_x(t) = F (t)x(t) + G(t)w(t) (2.12)

where

F is the dynamic matrix

G is the noise shaping matrix

w is the noise vector assuming to be zero-mean Gaussian white noise

The corresponding discrete-time di�erence equation has the following form

xk+1 = �k+1jkxk + wk (2.13)

where �k+1jk is the transition matrix that converts the state from epoch k to k + 1 and is

calculated using the continuous-time solution of the transition matrix

�k+1jkxk = �(tk+1; tk) (2.14)

If the dynamic matrix is time-invariant, the transition matrix is only a function of the time

interval t � t0 and is calculated as (Gelb, 1974)

�(t; t0) = �(t � t0) = eF (t�t0) (2.15)
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where

eF (t�t0) = I + F (t � t0) +
(F (t � t0))2

2!
+

(F (t � t0))3

3!
+ � � � (2.16)

The corresponding covariance matrix Pk+1 of the state vector xk+1 is computed as

Pk+1 = �k+1jkPk�k+1jk + Qk+1 (2.17)

where Pk is the covariance matrix of the state vector in last epoch and Q is the process

noise matrix. The derivation of this equation including the derivation of Q can refer to

Gelb (1974). In addition, the following linear discrete-time di�erence measurement model is

assumed available

zk+1 = Hk+1xk+1 + vk+1 (2.18)

where

z is the measurement vector

H is the design matrix relating the measurement to the state

v is the measurement noise vector

Based on the above linear discrete-time system and measurement models, a linear KF tem-

poral prediction and measurement update can be performed. The �nal equations can be

found in Gelb (1974).

Considering a �ltering problem with a non-linear system models that is given by

_x(t) = f(x(t); t) + G(t)w(t) (2.19)

where f is a non-linear function representing the temporal behavior of the system states. In

order to apply KF with the non-linear system model, this system model has to be linearized

�rst and a �rst order Taylor series expansion of the above equation about a nominal trajectory

x�(t) (nominal values of the states being estimated) can be performed, which yields

_x(t) � f(x�(t); t) +
@f(x(t); t)

@x(t)
jx(t)=x�(t)�x(t) + G(t)w(t) (2.20)

= x�(t) + F�x(t) + G(t)w(t) (2.21)
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where �x(t) = x(t) � x�(t) is the perturbation from the nominal trajectory and F is the

Jacobian matrix and is termed dynamic matrix here. If we select x�(t) in purpose to have

_x�(t) = f(x�(t); t), then equation 2.21 can be re-written as the following linear system model

� _x(t) = _x(t) � _x�(t) = F�x(t) + G(t)w(t) (2.22)

To this point, the non-linear system model is linearized for valid KF estimation. The tran-

sition matrix and system process noise matrix can be calculated using the same equations

as for linear KF. If the nominal trajectory uses the current estimate, then the KF is called

an EKF, and the states vector is now the state increment vector and becomes a null vector.

The linearization of the measurement model is an analog to the above system model

derivation. Given a non-linear measurement model in the discrete-time form as

zk = h(xk; k) + vk (2.23)

where k is the discrete time epoch and h is the non-linear function relating the measurement

to the state.

By performing the �rst order Taylor expansion on the above equation, the following

equation is obtained

zk � h(x�
k; k) +

@h(xk; k)
@xk

jxk=x�
k
�xk + vk (2.24)

= z�
k + Hk�xk + vk (2.25)

where H is usually termed as the design matrix. Thus, the following equation is easily

obtained

�zk = zk � z�
k = Hk�xk + vk (2.26)

where �zk is referred to the measurement misclosure vector. In this way, the linearized

measurement model is obtained as the above equation, as can be seen, the misclosure vector

is then can be used to update the �lter to obtain the state increment. If the the current

predicted estimate of the states is selected to be x�
k, then the state increment vector is a null
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vector and the misclosure vector becomes the innovation vector that is used to update the

�lter.

The remainder of this section presents the description of the EKF for DGPS relative

navigation using the GPS SD observations. The advantage of using the SD GPS observations

has been addressed in MacGougan (2009) and can also be found in Ong et al (2009). DGPS

relative positioning based on DD GPS observations can be found, for example in Petovello

(2003).

Functional models

The geometric range � in the GPS observation equations can be mathematically represented

in the earth centred earth �xed (ECEF) as

� =
q

(rx � xs)2 + (ry � ys)2 + (rz � zs)2 (2.27)

where [rx; ry; rz]T is the unknown receiver’s ECEF coordinates; [xs; ys; zs]T is the satellite’s

ECEF coordinates. As such, the GPS observations are obviously nonlinear in the unknown

parameters. For example, considering a short baseline case that the spatially correlated

(orbital and atmospheric) errors and multipath are neglected, the GPS SD observation e-

quations 2.5, 2.6, and 2.7 reduce to the simpler form as

�p = �� � c�dT + "�� (2.28)

�� = �� � c�dT + ��N + "�� (2.29)

� _� = � _� � c� _dT + "� _� (2.30)

From the above equations, the unknown parameters are as in the following equation repre-

senting the KF state vector

x̂ =
h
rx ry rz vx vy vz c�dT c� _dT � ~N1�m

iT
(2.31)
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where � ~N1�m represents the SD carrier phase ambiguities of m satellites. Since the SD

geometric range is nonlinear and is given by

�� =
q

(rx � xs)2 + (ry � ys)2 + (rz � zs)2 � �ref (2.32)

where the geometric range to the reference receiver �ref is deterministic as the reference

position is assumed known. Thus, the functional model of the pseudorange, by utilizing the

Taylor expansion to linearize the observation equation, is

�p = �p̂ +
@�p
@rx

(rx � r̂x) +
@�p
@ry

(ry � r̂y) +
@�p
@rz

(rz � r̂z) +
@�p

@c�dT
(c�dT � c�d̂T ) (2.33)

Apply the above operation to SD carrier phase and Doppler observations, the design matrix

rows relate these observations to the state vector in equation 2.31, are given by

hp = [~e 0 0 0 � 1 0 0]

h� =
h
~e 0 0 0 � 1 0 ~l

i
(2.34)

h _� = [0 0 0 ~e 0 � 1 0]

where

~e =
�
�

xs � r̂x

�̂
�

ys � r̂y

�̂
�

zs � r̂z

�̂

�
(2.35)

is the line-of-sight(LOS) unit vector from the satellite to the rover receiver and

~l = [1 1 � � � 1]1�m (2.36)

is a vector of m ones. �p̂; r̂x; r̂y; r̂z; �d̂T ; and �̂ are the estimated values at the point of

expansion.

System models and EKF implementation

Given the above functional models of the GPS SD observations and the unknown parameters

in equation 2.31 that need to be estimated in an EKF, the corresponding error state vector
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is given by

�x̂ =
h
�̂re �̂rn �̂ru �̂ve �̂vn �̂vu �̂dT �̂ _dT �̂ ~N

iT
(2.37)

where the position and velocity states are parameterized in the local level frame as a con-

vention and can be transformed into the ECEF frame as necessary. The system models of

these error states are given by the following dynamic equation
2

666666666664

� _~r

� _~v

� _dT

� �dT

� _~N

3

777777777775

=

2

666666666664

0 I 0 0 0

0 0 0 0 0

0 0 0 1 0

0 0 0 0 0

0 0 0 0 0

3

777777777775

2

666666666664

�~r

�~v

�dT

� _dT

� ~N

3

777777777775

+

2

666666666664

0

wvel

0

w _dt

0

3

777777777775

(2.38)

where �~r = [�re �rn �ru]T and �~v = [�ve �vn �vu]T . The velocity error is modeled as a

random walk process and its spectral densities are typical values determined empirically, e.g.

in Petovello (2003). The receiver clock errors are modeled as a two-state (the clock bias

and drift) random process model based on the Allan variance coe�cients of various timing

standards (Brown and Hwang, 2012) . The SD carrier phase ambiguities is modeled as a

random constant process with zero process noise.

In terms of the above described system dynamics, the resulting transition matrix (�) of

the prediction step of the EKF is given by

� =

2

666666666664

I �t � I 0 0 0

0 I 0 0 0

0 0 1 �t 0

0 0 0 1 0

0 0 0 0 I

3

777777777775

(2.39)

and the resulting process noise matrix (Q) of the prediction step of the EKF is given by
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(Brown and Hwang, 2012)

Q =

2

66666666666666666666666664

qve �t3

3 0 0 qve �t2

2 0 0 0 0 0

0 qvn �t3

3 0 0 qvn �t2

2 0 0 0 0

0 0 qvu �t3

3 0 0 qvu �t2

2 0 0 0
qve �t2

2 0 0 qve�t 0 0 0 0 0

0 qvn �t2

2 0 0 qvn�t 0 0 0 0

0 0 qvu �t2

2 0 0 qvu�t 0 0 0

0 0 0 0 0 0 qb�t + qd�t3

3
qd�t2

2 0

0 0 0 0 0 0 qd�t2

2 qd�t 0

0 0 0 0 0 0 0 0 0

3

77777777777777777777777775

(2.40)

where qve ; qvn ; qvu is the east, north, and up component of the velocity spectral densities;

qb; qd is the clock bias and drift process noise spectral density respectively.

Through prediction, the current predicted state estimate x̂�
k of discrete time k is obtained

based on the state estimate of the previous epoch x̂+
k�1, and this predicted state estimate is

used as the point of expansion to linearize, for example, the pseudorange (the same operation

for Doppler and carrier phase observations) using equation 2.33. In this way, the pseudorange

measurement innovation vp for one satellite is obtained and relates with the error state vector

as

vp = �p � �p̂jx̂�
k

= hpjx̂�
k

� �x̂ (2.41)

The above equation applies to Doppler and carrier phase observations in the same way. The

solution of �x̂ in EKF is given by

�x̂ = Kv (2.42)

where K is the Kalman gain and v is the innovation vector including that of all observations.

Finally, the EKF update is given by

x̂+
k = x̂�

k + �x̂ (2.43)
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Moving reference receiver

In contrast to traditional DGPS kinematic positioning, the V2V relative positioning appli-

cation consists of a non-static but moving reference receiver. Therefore, the problem arises

that the precise position of the reference receiver can be hardly known a priori. The rover’s

absolute positioning accuracy is thus constrained by the absolute positioning accuracy of

the reference. However, of the most interest in V2V application is the relative positioning

accuracy, which is fortunately not a�ected signi�cantly by the potential poor absolute posi-

tioning accuracy of the reference. The e�ect of the reference receiver’s absolute positioning

error on the baseline solution is given by (Tang, 1997)

k��~rk �
10�9k�~rrefk

k�~rk
(2.44)

where �~rref is the positioning error of the reference receiver; �~r is the baseline vector. For a

simple example, assuming the vehicle with the reference receiver can estimate its positioning

with an error up to 5 km using GPS stand-alone positioning or augmented by other on-

board vehicle sensors, the maximum resulting relative positioning error on a 500 m vehicle

separation is on the order of 10�8 m, which is negligible. As such, although GPS absolute

positioning is limited in some cases and has poor positioning accuracy, DGPS technique

provides a promising relative positioning solution rather than by merely di�erencing the

absolute position between two vehicles. In the case of GPS relative navigation with moving

reference, the state vector of equation 2.32 is re-parameterized as

x̂ =
h
~b ~v c�dt c� _dt � ~N1�m

iT
(2.45)

where~b = [be bn bu]T is the relative position vector of the baseline, and ~vb = [vb;e vb;n vb;u]T

is the relative velocity vector of the baseline.

38



Generating the DD 
oat solution

The previous contents of this chapter has brie
y reviewed the GPS system and the DGPS

technique for relative navigation using between receiver SD observations shown by equation-

s 2.5 to 2.7. The nuisance parameters including the SD clock bias and SD carrier phase

ambiguities have to be estimated along with the states of interest, especially the SD clock

bias directly impacts the precise carrier phase RTK positioning that requires the SD car-

rier phase ambiguity to be solved as correct integer values. However, this can be hardly

achieved since it is almost impossible to perfectly estimate the SD clock bias in order to

fully distinguish it from the SD carrier phase ambiguities. Therefore, in order to resolve

the carrier phase ambiguities to their correct integer values to take advantage of the precise

carrier phase observations for RTK positioning, the e�ort turns into resolving the DD carrier

phase ambiguities as shown in equation 2.10 to avoid the poor separability with the clock

bias. Although the DD observations are not the option for DGPS relative navigation here,

the DD carrier phase ambiguities can still be formed by di�erencing the SD 
oat solution

(denoted by xSD) into an mathematically equivalent DD 
oat solution (denoted by xSD).

The operative is given by

xDD = DxSD (2.46)

where the xSD is a typical state vector of the SD 
oat solution as shown, for example, by

equation 2.31 or equation 2.45. In either case, the di�erencing matrix D is given by

D =

2

64
I6�6 0

0 Damb

3

75 (2.47)

where the block diagonal identity matrix is used to preserve the navigation states and remove

the two clock error states, for example, of that in equation 2.31, and the submatrix Damb is

the transformation matrix used to di�erence the other SD ambiguity states to the single SD

ambiguity state associated with the reference satellite, which has the dimension of (m�1)�m

39



and is constructed as

Damb =

2

666666666664

�1 1 0 0 � � � 0

�1 0 1 0 � � � 0

�1 0 0 1 � � � 0
...

...
... 0 . . . 0

�1 0 0 0 � � � 1

3

777777777775

(2.48)

Here the �rst SD ambiguity state is deemed as that of the reference satellite. As such, if

xSD is given by equation 2.31, then xDD has the following form

xDD =
h
rx ry rz vx vy vz r� ~N1�(m�1)

iT
(2.49)

The corresponding covariance matrix of the SD 
oat solution (denoted by PSD) should also

be transformed into the covariance matrix of the DD 
oat solution (denoted by PDD) by

PDD = DPSDDT (2.50)

To this point, it has been known that the DGPS relative navigation system utilizes the

between receiver single-di�erencing technique by taking advantages of using the SD observa-

tions and other implementation merits. Further, in order to use the carrier phase observations

as precise pseudorange measurements, the DD 
oat solution is constructed by di�erencing

the SD 
oat solution to obtain the DD carrier phase ambiguities that are resolvable. The

next section then describes the algorithm of DD ambiguity resolution and the calculation of

the �xed solution for carrier phase RTK positioning.

2.1.3 Ambiguity resolution and �xed solution

The GNSS carrier phase precise positioning typically consists of three steps as shown by

Figure 2.1, where â and b̂ denotes the ambiguity states and non-ambiguity states in the

states vector of the positioning estimator, respectively; and Q denotes the covariance matrix

(note that the notation from Teunissen (1994) is adopted here for consistency and should
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not be confused with the process noise covariance matrix in the literature of KF). The

functionality of each step is described as follows:

1. Float solution: estimating the 
oat-value DD carrier phase ambiguities along with

position and other nuisance states;

2. Ambiguity resolution: resolving for the integer DD carrier phase ambiguities using

the corresponding 
oat DD ambiguity values and covariance information and validating

the resolved integer DD ambiguities are the correct ones;

3. Fixed solution: calculating the position and velocity solutions conditioned on the

correctly resolved integer DD ambiguities that enable the carrier phase measurements

become very precise pseudorange measurements.

The 
oat solution is described in Section 2.1.2 in detail. The remainder of this section will

present the typical GNSS carrier phase ambiguity resolution approach based on the 
oat

solution yields.

Figure 2.1: Flowchart of typical GNSS carrier phase precise positioning
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Integer ambiguity estimation

The 
oat solution can be represented in the literature of carrier phase ambiguity resolution

as

x̂ =

2

64
b̂

â

3

75

Px̂ =

2

64
Qb̂ Qb̂â

Qâb̂ Qâ

3

75

If assuming that the GNSS carrier phase measurements are normally distributed with zero

mean, then the 
oat ambiguities â are Gaussian distributed with the integer ambiguity a

as the mean and Qâ as the covariance. The integer ambiguity estimation problem is then

becomes a minimization problem described by

�a = arg min
a2Zn

kâ � ak2
Qâ

There are generally three types of unbiased integer estimators as presented in Teunissen

(1998a), namely integer rounding, integer bootstrapping, and integer least-square estimators.

Of all the three estimators, the integer least-squares estimator is the optimal choice in terms

of maximizing the probability of correct integer estimation (Teunissen, 1999).

The integer least-square estimator is mechanized in the Least-squares AMBiguity Decor-

relation Adjustment (LAMBDA) method (Teunissen, 1994; De Jonge and Tiberius, 1996),

the idea is to search for the integer ambiguities within the space that is de�ned by the

information derived from the ambiguity covariance matrix, in the sense of minimizing the

least-squares error (mean square error). This method is used herein as the ambiguity es-

timator for this research. A main feature of the LAMBDA method is that it includes a

decorrelation procedure to transform the original 
oat-value ambiguity estimates to a new

set of ambiguity through a transformation that preserves the integer nature of the DD am-

biguities. The transformations (including the covariance transformation) are given by the
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following equations (Teunissen, 1994)

ẑ = Zâ

Qẑ = ZQâZT (2.51)

where Z is the volume preserving integer transformation matrix and ẑ is the set of trans-

formed ambiguity. The integer search space volume is preserved after transformation, and

is thereby can be de�ned as

�2 > (ẑ � �z)T Q�1
ẑ (ẑ � �z)

which is a n-dimensional ellipsoid, and the search is performed at the grid points that are

nearest to the true integer estimates. Note that the decorrelation procedure is not a prereq-

uisite for the integer search, which can also be performed with the original ambiguities â.

However, the decorrelation procedure substantially bene�ts the computational e�ciency as

well as the correlation and precision of the DD ambiguities (Teunissen, 1994). The e�ciency

of the LAMBDA method has been demonstrated when the number of ambiguities is more

than 100 in a multi-GNSS dense network processing scenario (Li and Teunissen, 2011). The

original detailed implementation of the LAMBDA method can be found in (De Jonge and

Tiberius, 1996).

Ambiguity validation

The purpose of ambiguity resolution is to obtain a substantial improvement in the position

estimation accuracy by eliminating the ambiguity states to make the carrier phase measure-

ments precise pseudorange measurements. As a result, it is crucial to solve for the correct

integer values for the ambiguities. Due to the fact that there may be error in the observation

model or anomaly in the data, it is possible to have �xed them to the wrong integer values.

Thus, a method of validating the integer values obtained from the search process is desired,

otherwise wrong integer ambiguities can deteriorate the position solution even worse than

the 
oat solution that are typically less accurate than the �xed solution.
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Success rate for ambiguity �x prediction

One of the theoretical ambiguity validation measures is the probability with which the ambi-

guities will be resolved correctly, which is the so-called success rate (SR) de�ned in Teunissen

(1998b) or the probability of correct �x de�ned in O’Keefe et al (2006). Since the integer

ambiguity search process is not a unique process, which however has many possibilities as

de�ned by a mapping function, M : Rn ! Zn, from the n-dimensional space of real numbers

to the n-dimensional space of integers (Teunissen, 1999). This implies that many di�erent

real number 
oat ambiguity vectors can be mapped to the same integer ambiguity vector,

which is mathematically represented as

Sz = fy 2 Rnjz = M(y)g; z 2 Zn

where y is a real number vector; Sz 2 Rn is a real number vector subset. Sz is called the

pull-in region for the integer vector z, indicating that any real-valued vector y that resides

in the pull-in region of integer vector z will be mapped to z, i.e. will be �xed as integer

vector z. Therefore, if z is the same as the true integer ambiguity vector a, the ambiguity

resolution SR can be evaluated as (Teunissen, 1999)

SR = P (�a = a) = P (â = Sa) =
Z

Sa

pâ(x) dx (2.52)

where pâ is the probability of density function (PDF) of the 
oat ambiguities.

Recall that the integer least-squares estimator is proven to be optimal for the in maxi-

mizing the SR. Thus, it is of great signi�cance to be able to evaluate the SR for making this

estimator feasible for ambiguity resolution. However, in this case, to directly calculating the

SR (i.e. evaluating equation 2.52), we have to know the pull-in region of the true integer

ambiguity vector and the PDF of the real-valued 
oat ambiguities. Unfortunately, due to

the di�culty in de�ning the pull-in region and evaluating the multi-dimensional PDF over

that region, it is not feasible to calculating the SR analytically. As such, approximation

to the SR of the integer least-squares estimator is used, due to the fact that the SR of the
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integer bootstrapping estimator can be calculated exactly as (Teunissen, 1998b)

P (�aB = a) =
nY

i=1

[2�(
1

2�ijI
) � 1] (2.53)

where �aB is the bootstrapped integer ambiguity vector; �ijI is the standard deviation of am-

biguity i conditioned on the previous I = f1; 2; : : : ; i�1g ambiguities; �(x) is the cumulative

PDF of a normal distribution given by

�(x) =
1

p
2�

Z x

�1
exp(�

1
2

n2)dn

Thus, based on the above two equations, the SR of the less optimal integer bootstrapping

estimator is calculated and used as an approximation to the SR of the integer least-squares

estimator, more speci�cally, equation 2.53 is proven to be used as the lower bound of the SR

of the integer least-squares estimator (Teunissen, 2001), and the empirical veri�cation can

be found in Verhagen (2005b) through various testing. As such, the lower bounder of the

SR of the optimal integer least-squares estimator is de�ned as

SR > P (�aB = a) (2.54)

However, as pointed out in Teunissen (1998b), on one hand, the product result of equation

(2.53) tends to get smaller as the dimension n increases, resulting from the individual prob-

ability of each ambiguity �xing being smaller than 1. Thus, there may exist the situation

that the overall probability of a full n-dimensional ambiguity �xing is rather small, while the

partial probability of �xing m (m < n) of them is large enough to render successful �xing

of the m ambiguities. In that case, equation 2.53 can be used for theoretical SR analysis of

partial ambiguity �xing strategy that select which m ambiguities to �x �rst. On the other

hand, the SR of the integer bootstrapping estimator is not invariant against the reparam-

eterization of the ambiguities and even the reordering or permutation of the ambiguities

due to the correlation between the ambiguities. Thus, it is recommended to use the integer

bootstrapping estimator in combination with the decorrelating Z-transformation (equation
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(2.51)) of the LAMBDA method to maximize its SR (Teunissen, 2001), since more decorre-

lation is achievable by utilizing the LAMBDA decorrelation procedure prior to calculating

the sequential conditional variances and calculating the SR than the best reordering would

achieve.

In addition to the bootstrapping SR calculation that is depending on the ambiguity pa-

rameterization, Teunissen (2000) de�nes a upper bound that is invariant with any admissible

ambiguity transformations for the integer least-squares estimator in terms of the Ambiguity

Dilution Of Precision (ADOP) introduced by Teunissen (1997), which is

SR 6 Pf�2(n; 0) 6
cn

ADOP 2 g; cn =
n
2 �(n

2 )
n
2

�
(2.55)

where �(�) is the gamma function, i.e. �(x) =
R 1

0 vx�1exp(�v)dv, and ADOP is conceptually

a measure of the average precision of the ambiguities and is calculated as

ADOP =
p

jQâj
1
n (2.56)

In summary, the integer least-squares estimator is optimal for integer ambiguity esti-

mation in terms of maximize the SR, although its SR cannot be evaluated directly, but

approximately the lower bound and upper bound of its SR is found as equation (2.54) and

equation (2.55), respectively. Since the SR by de�nition is a theoretical prediction other

than the actual empirical probability, in order to be non-optimistic, the lower bound is used

here for this thesis as one of the integer ambiguity validation methods. An evaluation on

the e�ect on whether the lower bound approximation of the SR helps to identify correct or

incorrect ambiguity �x can be found in, for example, Ong et al (2010).

Statistical F-test for ambiguity �x validation

As can be seen from the previous subsection, the SR is purely a theoretical prediction on how

con�dently the integer ambiguities can be validated, due to the fact that its calculation uses

only the covariance information of the 
oat value ambiguities (while the 
oat ambiguities

themselves â have no in
uence on the SR), without taking account for the e�ect of systematic
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error residuals in the GNSS measurements or non-Gaussian noise and multipath. Thus, in

order to practically validate the integer ambiguity estimates, the statistical hypothesis testing

of the measurements or ambiguity residuals is desired and sought.

A thorough review of various statistical hypothesis testing methods can be found in

Verhagen (2005a) for identifying the most likely integer ambiguity estimates. Since there

is the possibility that not only the single "most likely" but also the "second-most likely"

integer ambiguity estimates are identi�ed, a further step called the discrimination test is

needed to compare the likelihood of the two candidate integer ambiguity estimates to �nalize

the correct �xing. A thorough review of various discrimination tests can also be found in

Verhagen (2005a). Of all the choices, the most common class of discrimination test is the

F�test, if using the test statistic presented in Euler and Scha�rin (1991), which is

R2

R1
> � (2.57)

where � is the F�test threshold; and

Ri = (�ai � â)Q�1
â (�ai � â)T (2.58)

is the summed square residuals of the ambiguities after �xing; the subscript \1" and \2"

represent the \most likely" and \second-most likely" respectively.

The null hypothesis of this test is the two candidates cannot be discriminated and thus

the correct �xed integer ambiguity estimate cannot be determined. It is pointed out that,

the test statistics is assumed to have a central F� distribution to make the null hypothesis

testing as true. However, this assumption is practically invalid as both the numerator and

denominator of the test statistic have a non-central �2�distribution (Leick, 2004). Thus,

the test statistic is a non-central F�distribution. The alternative hypothesis is that the

correct integer ambiguity estimate can be determined, but the test statistic is accordingly a

non-central F�distribution.

For the purpose of simplicity and feasibility, the null hypothesis of the F�test is used

for ambiguity validation assuming a central F�distribution, and in most cases it works
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satisfactorily (Verhagen, 2005a). However, there is no sound theoretical development to get

an optimal test threshold, some constant values have been used, e.g. 3 in Leick (2004) and 2

in Euler and Landau (1992) and so on. Verhagen (2005a) suggests the central F�distribution

value at the desired signi�cance level and the number of ambiguities as the degrees of freedom.

An evaluation of this amibuity validation strategy that using adaptive F�test thresholds

can be found in Ong et al (2010). Moreover, a new development on using the ratio test

described in equation (2.57) can be found in Verhagen and Teunissen (2012), where the so

called �xed-failure ratio test is documented and evaluated.

In this thesis, the integer bootstrapping SR evaluation in combination with the ratio test

are utilized as the integer ambiguity validation strategy.

Fixed solution

Having obtained the valid integer ambiguities, the �xed solution and corresponding covari-

ance information is calculated by the following (De Jonge and Tiberius, 1996)

�b = b̂ � Qb̂âQ�1
â (â � �a)

Q�b = Qb̂ � Qb̂âQ�1
â Qâb̂ + Qb̂âQ�1

â Q�aQ�1
â Qâb̂ (2.59)

� Qb̂ � Qb̂âQ�1
â Qâb̂

Note that b̂ and �b represent the vector of all non-ambiguity states of the DD 
oat solution

state vector and DD �xed solution state vector respectively, i.e. including the velocity and

whatever states in the DD solution state vector after double di�erencing. In this thesis, these

include systematic UWB ranging errors that have been in the same �lter as the position,

velocity and ambiguities. Also note that the covariance matrix of the �xed solution Q�b is

obtained through the propagation law of uncertainty by assuming the �xed ambiguities �a

are deterministic. However, this assumption becomes weak when the ambiguity �xing SR is

not su�ciently close to 1. In that case, the �xed solution �b is not necessarily more precise

than the 
oat solution (Verhagen et al, 2013). In other words, the success rate can be used
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as an index to determine when to start to perform ambiguity resolution and calculate the

�xed solution.

2.2 V2X Range and Bearing Observations

Having described the fundamentals of DGPS relative navigation, this section presents the

GPS augmentation sensor and observations used in this research. There are typically two

types of relative observations, i.e. range and bearing, for relative pose estimation (Martinelli

et al, 2005). The range observation measures the distance between two vehicles either in

1-, 2- or 3-Dimensions. The bearing observation measures the direction (angle) of the other

vehicle in the body frame of the vehicle making the bearing observation.

The e�ect of using the relative observations for positioning is illustrated Figure 2.2. There

are two scenarios shown in the �gure: on the left, vehicle 1 (refers to robot in the �gure,

denoted by a red triangle) and vehicle 2 (denoted by a blue triangle) are having similar

uncertainties about their own position estimates as shown by the solid line error ellipses.

Once the two vehicles meet each other, sharing their position and measuring their relative

position information (e.g. via using the range or bearing sensor) as shown by the black solid

line, both of them will have reduced uncertainties in their updated position estimates, as

shown by the dashed line error ellipses; on the right, vehicle 1 is able to determine its position

more accurately, while vehicle 2 has far less accuracy and con�dence about its own position.

Once the two vehicles meet and share position information, vehicle 2 bene�ts signi�cantly

from updating its own position using the relative position observation to vehicle 1, as shown

by the greatly reduced blue line error ellipses. In addition, vehicle 1 also bene�ts from this

information sharing and position update using the relative position observation to vehicle 2,

although the improvement is much less than that for vehicle 2.

Considering the e�ectiveness of the V2X relative observations for relative positioning, the

range and bearing observations are selected to augment DGPS relative positioning to try to
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Figure 2.2: Illustration of the e�ect of the relative (V2X) observations on vehicle positioning
via cooperation (from Roumeliotis and Bekey (2002))

enhance the V2X navigation system when DGPS only is not satisfactory. The remainder

of this section discusses the range and bearing observations used for this research, i.e. the

range observations obtained through commercial UWB ranging radios and simulated bearing

observations with practical accuracy speci�cation.

2.2.1 UWB Ranging and Observations

The research and development of UWB technique can be dated back to 1960s and leads to

the use of UWB as short range radar and communication system, ground penetrating radar,

and precise positioning and localization (Barrett, 2001). UWB was originally proposed as

a short distance communication technique featured in its inherent low-power consumption,

high data rate, and strong resistance to multipath. However, the UWB communication

did not become popular. In stead, UWB precise ranging has been explored. Of particular

interest is the high time resolution of the UWB signal facilitates the precise ranging and
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positioning in many applications. This section brie
y reviews the UWB signal de�nition

and its advantages for ranging and positioning, followed by the description of the UWB

radios used in this research and the corresponding observation model and systematic errors

characterization.

UWB de�nition and system

Although regulations di�er in di�erent countries worldwide, the First Report and Order re-

leased by the United States Federal Communications Commission in 2002 allowed unlicensed

UWB use in a 7.5 GHz spectrum and initiated the intense interest on UWB short ranging

and communication (FCC, 2002). This regulation allows the unlicensed spectrum use main-

ly between 3.1 GHz and 10.6 GHz at very low power (maximum of -41dBm/MHz) that is

intended primarily for high data rate (e.g. 400 Mbps) wireless communication and also for

low data rate, short range, and low power communications.

The United States Federal Communications Commission de�ned UWB in the Subpart F

of FCC (2002):

\Section 15.503 De�nitions.

a) UWB Bandwidth. For the purpose of this subpart, the UWB bandwidth is the frequency

band bounded by the points that are 10 dB below the highest radiated emission, as

based on the complete transmission system including the antenna. The upper boundary

is designated fH and the lower boundary is designated fL. The frequency at which the

highest radiated emission occurs is designated fM ;

b) Center frequency. The center frequency, fC , equals (fH + fL)=2;

c) Fractional bandwidth. The fractional bandwidth equals 2(fH � fL)=(fH + fL);

d) UWB transmitter. An intentional radiator that, at any point in time, has a fractional

bandwidth equal to or greater than 0.20 or has a UWB bandwidth equal to or greater

than 500 MHz, regardless of the fractional bandwidth."
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Figure 2.3: UWB de�nition in the frequency domain (from (MacGougan et al, 2009))

The illustration of the UWB signal in the frequency domain is shown in Figure 2.3. By

de�nition, according to this regulation, any radio frequency signal with a factional bandwidth

greater than 20% or occupying a 10 dB bandwidth greater than 500 MHz can be considered

to be a UWB signal. Due to its high bandwidth and potential interference with other band

frequency signal, the UWB signal is regulated to have average emission limits for compliant

operation with other radio signals as for example speci�ed in FCC (2002). According to the

various interference testing conducted in Luo et al (2001), some of the UWB signals induce

problems for most GPS receivers and impact the accuracy, GPS signal acquisition and loss

of lock performance. In this case, FCC (2002) also regulates particular emission limits for

the frequency band below 2 GHz where the GPS signal resides.

There are basically two types of implementation of the UWB system: the traditional Im-

pulse Radio based UWB (IR-UWB) signal and the new multi-carrier Orthogonal Frequency-

Division Multiplexing based UWB signal. The IR-UWB signal is formed by a series of very

52



short duration Gaussian pulses or other types of pulse waveforms on the order of hundreds

picoseconds. Due to the ultra high time resolution, each pulse has a very wide spectrum that

complies with the regulations, and has very low energy because of the very low power per-

mitted for emission as for typical UWB radio. As a result, the continuous pulse transmission

can carry the information for communication without carrier mixing at the transmitter. This

leads to the signi�cant advantage of baseband processing only. The most important feature

of the IR-UWB signal for ranging is its inherent �ne time resolution provides precise rang-

ing capability and minimized multipath e�ect. In addition, several other advantages, e.g.

immunity to passive interference, increased immunity to co-located radar transmissions and

so on (Fontana, 2004). The new multi-carrier based UWB utilizes multiple non-overlapping

frequency bands, i.e. sub-bands, to divide the UWB spectrum for transmitting the multi-

carrier signals. The advantages of using this scheme are to make full use of the broad band

available to UWB systems and to achieve coexistence with other interfering systems oper-

ating in the same band. Besides, other features in capturing multipath energy with a single

radio frequency chain and dealing with narrow-band interference at receivers are also worth

considering for UWB systems (Nikookar and Prasad, 2009). However, due to the transmit-

ter complexity and the Orthogonal Frequency-Division Multiplexing problems, there is no

commercial system available yet. In contrast, IR-UWB is still the dominant technology used

in the research literature as well as in commercial products.

UWB has wide applications in short range radar, localization and tracking systems, and

ad hoc networks and so on, which fully exploits its accurate ranging capability. The IEEE802-

15.4a (2007) amended the physical layer speci�cation for UWB communication and a unique

speci�cation for ranging for the impulse radio UWB technology in a direct-sequence UWB

scheme.
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UWB ranging radio and observation

The commercial UWB ranging radio used for this research is obtained from Multispectral

Solutions Inc, as described in Fontana et al (2007) and are shown by Figure 2.4. This UWB

system utilizes impulse signal of approximately 3 ns duration that is modulated on a 6.35 GHz

carrier in the C-band with instantaneous 10 dB bandwidth of approximately 500 MHz. It uses

a threshold energy detection approach to detect the leading edge of the transmit pulse. The

receiver uses on/o� keying technique to modulate the pulse onto the carrier with one pulse

for each data bit. The pulse repetition rate is per 1000 nanoseconds and the gating period is

comparable to the transmit pulse width (Fontana, 2002). The range measurements are made

within the receiver to 1 nanosecond (about 30 cm) precision and range resolution of up to

approximately 2.50 cm can be achieved with ranging sample averaging. However, this UWB

radio system is found to have quantized its range measurements output to half nanosecond

(about 15 cm) through static ranging testing. Operating at signal level complying with the

regulations in FCC (2002), the UWB radios could have a LOS range typically in excess of 50

metres and up to 200 metres. All these operations are working at very low power provided

by 4 AA-cell batteries.

The ranging method utilized in this UWB system is the two-way time-of-
ight ranging as

shown by Figure 2.5. This method works in the way that the requester polls each responder

to ask for ranging cooperation and the range is theoretically calculated as

range =
T1 � T0 � Tturn�around

2
� c (2.60)

where c is the light speed, and assumes Tturn�around � Tflight. This method is an asyn-

chronous ranging method, and the advantage of it is the elimination of the synchronization

requirement between the requester and responder transceivers, unlike the time-of-arrival or

time-di�erence-of-arrival methods that requires time synchronization among the transceiver-

s. This technique, however, requires some knowledge of the requester UWB radio’s own clock

and a turn-around-time for the two UWB radios in a ranging pair to characterize the rang-
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Figure 2.4: UWB ranging radios (from Fontana et al (2007))

ing errors. Since according to the discussion in IEEE802-15.4a (2007), range measurements

made based on the clock usually manifests errors due to the frequency bias of that clock,

and the range errors can usually be characterized with the bias (the calculation error of the

turn-around time resulting from the requester’s and responder’s clock errors) and the scale

factor (the requester’s clock frequency bias).

MacGougan et al (2009) have done much relevant work in static testing with the UWB

radios used here in this research, either in LOS testing or in obstructed non-LOS testing, and

the key �ndings are these UWB radios are able to provide sub-metre level ranging accuracy

without compensation for error e�ects up to 100 m. By analyzing the raw range errors in

the LOS testing case, the UWB range errors can be well �t by a �rst order line, leading to

the following range model equation with a bias and a scale factor error term characterized

MacGougan et al (2010a)

pu = ku�u + bu + "u (2.61)
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Figure 2.5: Two-way time-of-
ight ranging

where

pu is the UWB range measurement

ku is the UWB range scale factor

�u is the geometric range between the UWB ranging pair

bu is the UWB range bias

"u is the UWB range noise

A more thorough derivation on the equations of the range errors and the characterization of

the range error magnitudes can be found in MacGougan et al (2009). This work concludes

the range bias error is fairly constant over the distances of 0 to 200 m during a short working

interval, which makes the bias estimable in the �ltering, however the bias may vary slowly

during long term operation. In addition, the range scale factor could vary between 4900
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ppm and 12000 ppm. A small part of the scale factor error could attribute to the di�erence

between the vacuum (the one used for calculating range) and "in air" (the actual one) light

speed and the frequency shift of the UWB radio’s clock, the rest large portion could attribute

to the geometric walk error if the UWB radio uses the threshold energy detector. The scale

factor due to the geometric walk error is fairly stable once the radio is powered on since the

threshold of the detector is set at the power up and kept unchanged during a single operation,

which makes the range scale factor estimable in the �ltering. The �nal note on the UWB

range observations is that the UWB range observations obtained during static LOS testing

are correlated in time due to the presence of the residual systematic errors even with bias

and scale factor corrected to the linear �t values, however the UWB ranges collected during

kinematic testing does not exhibit the correlation in time (MacGougan, 2009).
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2.2.2 Bearing Observations

Bearing is an angular measure of the horizontal direction of another vehicle relative to the

forward direction of the vehicle making the measurement. Practical bearing observations for

vehicular applications can be obtained through a short-range radar as discussed in Charvat

(2014) or simply a single camera with necessary computer vision processing technique as

shown in Amirloo Abolfathi and O’Keefe (2013). The concept of bearing used in V2V

relative positioning is shown graphically in Figure 2.6, where �ab represents the bearing

measurement from vehicle a to vehicle b; �a represents the azimuth of vehicle a (the azimuth

of the vehicle making the bearing measurement); and �ab represents the azimuth of the

relative position vector between the two vehicles (denoted �~rab).

According to Figure 2.6, the bearing measurement model can be constructed mathemat-

ically as (Petovello et al, 2012)

�ab = �ab � �a + �ab (2.62)

where �ab is the noise term;

In terms of the geometry, the azimuth of the relative position vector can be written as

�ab = tan�1(
�Eab

�Nab
) (2.63)

where �Nab, �Eab, and �Vab are the north, east, and vertical component of the relative

position vector in an East-North-Up (ENU) local-level frame, as shown in the �gure.

Substituting equation 2.63 into equation 2.62, the �nal bearing measurement model is

derived as

�ab = tan�1(
�Eab

�Nab
) � �a + �ab (2.64)

In terms of the above equation, the azimuth of the vehicle making the bearing measurement

is critical to the use of bearing measurement for positioning. More speci�cally, the azimuth

is a necessity to make the bearing measurements (measured in a vehicle’s body frame) usable

in a positioning �lter that mechanized in a local-level coordinate frame. Either this azimuth

58



Figure 2.6: Graphic representation of an inter-vehicle bearing observation (Petovello et al
(2012))

is known, through vehicle onboard sensors or other systems that measure the direction of

the vehicle, or has to be estimated in the positioning �lter.

Note that the above observation model is de�ned and developed conceptually and since

there is no practical bearing sensor used for this research. The bearing measurements used in

this thesis are simulated with the accuracy speci�cation suggested by the industrial sponsor

of this research. The suggested bearing speci�cation is what can be expected from a few

types of commercial automotive radar as shown in Autonomoustu� (2013), which is listed

in Table 2.1 below. Note these two types of automotive radar have the same performance

parameters but di�er in processing capabilities that are not stated here. In addition, they

are capable of providing range and Doppler sensing as well. As such, the desired bearing

measurement accuracy is about 0.5 degrees and the simulation of the bearing measurement

will be described in the following chapters where the bearing measurement is used for data

processing.
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Table 2.1: Commercial bearing sensor speci�cations

Manufacturer Version Frequency Accuracy Update rate
Delphi ESR 9.21.00 76.5 GHz 0:5o <= 50 ms
Delphi ESR 9.21.14 76.5 GHz 0:5o <= 50 ms

2.3 Summary

This chapter reviewed the fundamentals of GPS, DGPS relative positioning technique and

carrier phase RTK theory. In addition, range and bearing observations were introduced to

augment GPS for V2X positioning. The commercial UWB ranging radios were described and

the range observation obtained from these radios were characterized with error behaviors.

Finally, the bearing observation model was conceptually interpreted. Based on the intro-

duction on these systems, sensors and observation models, the next chapter is to present the

integration algorithm and its demonstration.
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Chapter 3

Tight-integration of DGPS, UWB Range and Simulated Bearing

with V2I Testing

The previous chapter reviews the fundamentals of GPS relative positioning, the UWB range

error characteristics and the corresponding derived observation model, and the derived ob-

servation model of bearing. Following the development, this chapter further presents the

integration algorithm for the aforementioned systems and observations. The EKF is used as

the estimator for sensor integration and relative navigation using the measurement models

of each type observation as well as the system dynamics in V2X applications. Results of

post-processing a V2I data set collected in an downtown urban canyon are shown to demon-

strate a realistic GNSS and UWB range integrated V2I positioning solution in a harsh signal

environment by applying the presented integration algorithm.

3.1 Integration Algorithms

Having discussed the fundamentals of DGPS navigation and the observation models of UWB

range and bearing in the previous chapter, this section describes the integration algorithm

of DGPS and V2X observations, i.e. UWB range and bearing observation, based on their

individual characterized measurement models and the corresponding error models. The

general idea is to augment the DGPS navigation EKF states with additional UWB range

systematic errors states and necessary azimuth state associated with the bearing observation.

3.1.1 Functional models of V2X observations

The SD GPS observations and their functional models for relative navigation has been de-

scribed thoroughly in the previous chapter along with the observation models of the available
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V2X UWB range and bearing observations. Thus, the functional models of these V2X ob-

servations are presented as follows with necessary EKF state augmentation on the DGPS

system model.

Functional model of UWB range

The geometric range in the UWB range observation equation 2.61 can be expanded as

�u =
q

(rx � xu)2 + (ry � yu)2 + (rz � zu)2 (3.1)

where [rx; ry; rz]T represents the requester UWB radio’s ECEF position coordinates, and

[xu; yu; zu]T represents the responder UWB radio’s ECEF position coordinates herein. Since

there are two systematic error parameters in characterized UWB range observation model,

the state vector of the �lter using UWB range for relative positioning must be augmented

with these two UWB error states, in addition to the three position parameters. The resulting

state vector is given by

x̂ = [rx ry rz bu ku]T (3.2)

where bu and ku are the bias and scale factor of the corresponding UWB ranging radio pair.

Due to the nonlinearity in equation 3.1, as an analog to the GPS pseudorange, the row vector

of the design matrix that relates to the above state vector using only one pair of UWB radios

is

hu = [ku~e3�1 1 �̂u] (3.3)

where ~e is the LOS unit vector from the requester to the responder UWB radio and �̂u is

the estimated range at the point of expansion.

Inequality constraints on UWB range errors

As stated in MacGougan et al (2010a) , the UWB bias error is bounded based on the quality

of the oscillators used in the UWB radios. In addition, the scope of the UWB scale factor

error is well tested and known from LOS testing (MacGougan et al, 2009). Therefore, due to
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the inherent boundary of these UWB range errors, inequality constraints can be employed

to ensure that the error estimates have not exceeded their respective minimum or maximum

boundary after each EKF update. If the error estimate exceeds its boundary, the di�erence

between the estimated error and the pre-known boundary of the error is used as a pseudo-

observation to try to bring the error estimate back to the known range of values. The

inequality constraints on the UWB range errors can be generally described as follows. If

an error estimate exceeds its minimum boundary, a pseudo-observation having the value of

the possible maximum value of that error is used to update the EKF. The corresponding

implementation for an error estimate � (represents either bias bu or scale factor ku) is given

by (MacGougan et al, 2010a)

v� = �max � �̂

�2
� = Pk;�

�max � �min

�min � �̂
(3.4)

where v is the pseudo-observation innovation; � is the variance; Pk;� is the estimated error

state variance after EKF update before applying the inequality constraints. If an error esti-

mate exceeds its maximum boundary, a pseudo-observation having the value as the minimum

value of that error is used to update the EKF. The corresponding implementation is given

by

v� = �min � �̂

�2
� = Pk;�

�max � �min

�̂ � �max
(3.5)

The corresponding design rows relating to the state vector in equation 3.2 are given by

hbu =
h
~03�1 1 0

iT

hku =
h
~03�1 0 1

iT
(3.6)

Since there is possibility that one adjustment results in another UWB error estimate exceed-

ing its boundary, in some cases, several iterations of the inequality constraints have to be

applied.
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Functional model of bearing observation

By examining the de�ned bearing observation equation 2.64, it is found that the azimuth of

the vehicle making the bearing observations is needed in order to obtain relative position to

another vehicle in a local-level frame when using the bearing observation. In the case that

the azimuth is unknown a priori, the azimuth has to be estimated in the positioning �lter,

along with the three position states. The resulting state vector, parameterized in the local

level frame, is given by

x̂ = [re rn ru �]T (3.7)

By linearizing the �rst term on the right of the bearing observation equation 2.64 using the

�rst order Taylor expansion, the design row vector of the bearing observations is derived as

hb =
�

r̂n

r̂2
n + r̂2

e

�r̂e

r̂2
n + r̂2

e
0 � 1

�
(3.8)

where [re; rn; ru]T denotes the ENU coordinates of the rover in the reference receiver’s local-

level frame.

3.1.2 The integration EKF system models

By combining the functional and system models of DGPS for relative navigation in Chapter

2, and the functional models of the UWB range measurement and the simulated bearing

measurement for relative positioning in the previous sections of this chapter, the error state

vector of the integration EKF is constructed based on augmenting the DGPS �lter coun-

terpart with the accommodation of two additional UWB range error states and one more

azimuth error state associated with bearing measurement (in the case azimuth is unknown).

The resulting error state vector is given by

�̂x =
h
�̂re �̂rn �̂ru �̂ve �̂vn �̂vu �̂dt �̂ _dt �̂� ~Nm�1

�̂bu �̂ku �̂�

iT
(3.9)

The system models of the DGPS related states have been discussed in the previous chapter.

The system models of the error states associated with the UWB range and simulated bearing
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measurement are given by the following dynamic equation
2
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� _�
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77775
=

2

66664

0 0 0

0 0 0

0 0 0
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66664

�bu

�ku

��

3

77775
+

2
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wbu

wku

w�

3

77775
(3.10)

where wbu and wku are the process noises of the UWB bias and scale factor respectively, and

w� is the process noise of the unknown azimuth associated with the bearing measurement.

According to the discussion in Section 2.2.1 regarding UWB range error characteristics

obtained from empirical testing, the bias of the MSSI UWB radios are found to change slowly

over time, and the scale factor is fairly constant and is expected not to change much once the

radios are powered up. Therefore, the UWB bias is modeled as a random walk process with

small process noise to allow the bias to have slow variation over time, and the scale factor is

also modeled as a random walk process with small process noise. In terms of the discussion

in Section 2.2.2, the azimuth associated with the bearing observation has to be estimated if

unknown, which is modeled as a random walk process as well. The process noise spectral

densities of these error states will be given in the following data processing section.

3.1.3 Reliability

The uncertainty of the observations in the navigation estimator is described in terms of their

stochastic model. Observation blunders however can not be manifested in the functional

model, and are also not accounted for in the system model. The occurring blunders will bias

the navigation solution and thus, it is important to detect and exclude them from the obser-

vations. The method is based on statistical hypothesis testing on the observation residuals for

least-squares assuming there exist redundancy in the system(Baarda, 1968), and the method

applied for Kalman �ltering is introduced in Teunissen and Salzmann (1989), however the

statistical testing for Kalman �ltering is conducted using the innovation sequence. Further,

Teunissen (1990) proposes a real time recursive statistical hypothesis testing procedure that
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can be used in conjunction with the Kalman �lter for integrated navigation systems. This

method is applied in this thesis work. A brief derivation of this method is presented below.

Given the a priori assumption requirements for the Kalman �lter, the innovation vector

of an EKF under nominal conditions has a Gaussian distribution and is given by

v � N(0; Cv) (3.11)

where Cv is the covariance matrix of the innovation vector. However, if the innovation

vector is not zero-mean due to the presence of bias in the observation vector, then it will be

distributed as (Teunissen and Salzmann, 1989)

v � N(Mr; Cv) (3.12)

where Mr is the vector of bias that exists in the innovation vector, r is the the vector of

blunders and M is the full rank matrix that maps the blunders to the observation vector.

If equation 3.11 is used as the null hypothesis claiming the observations have no blunders

and equation 3.12 is used as the alternative hypothesis claiming there exists blunders in the

observations, the test statistic to be used is given by (Teunissen and Salzmann, 1989)

� = vT C�1
v M(MT C�1

v M)�1MT C�1
v v (3.13)

According to Petovello (2010), the above equation can be re-written as

� = r̂T C�1
r̂

r̂ (3.14)

where r̂ is the unbiased least-squares estimate of the blunders under the alternative hy-

pothesis and C�1
r̂

is the corresponding least-squares covariance matrix. Therefore, the test

statistic � is distributed under the null hypothesis (H0) and alternative hypothesis (Ha) as

(Teunissen, 1990)

H0 : � � �2(d; 0) and Ha : � � �2(d; �2
0) (3.15)
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where d is the number of the degrees of freedom, equal to the number of assumed blunders,

and �0 is the non-centrality parameter given by (Teunissen, 1990)

�2
0 = rT C�1

r̂
r (3.16)

Finally, statistical testing can be performed in this way, to reject the null hypothesis if

� � �2
�(d; 0), i.e. claims the existence of blunders if the upper � probability point of the

central �2�distribution with d degrees of freedom is exceeded by the test statistic.

In addition to the statistical testing for blunders, the reliability also refers to the charac-

terization of the ability of a certain system to identify observation blunders and to control the

e�ects of the undetectable blunders on the estimated parameters. This concept is referred

to as statistical reliability. This concept is introduced by Baarda (1968) and is divided into

internal ability and external reliability. The internal reliability refers to the capability of

the system of facilitating the detection and localization of blunders in observations without

additional information. The external reliability measures the response of the system to unde-

tected blunders in the observations. In other words, it measures the e�ect of the undetected

blunders on the estimated parameters. The details on the statistical reliability calculation

on the least-squares and the Kalman �ltering can be found, for example in Petovello (2010)

for navigation applications.

3.2 V2I Test in Urban Canyon

The V2I concept can be deemed as a special case of V2V, where one vehicle performs relative

positioning to several static roadside infrastructures instead of to other moving vehicles.

Between October 2010 and September 2011, six di�erent V2I vehicle tests were conducted in

open sky and urban canyon environments. Four of these data sets, all in open sky locations,

were studies extensively and reported in Jiang (2012). In this chapter, a �fth data set that has

not previously been report is analyzed here to demonstrate the bene�t of V2I in a challenging

urban canyon environment and also to introduce the concept of augmenting V2X with UWB
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ranges generally. Of particular interest, this test is to evaluate the bene�t of having a few

UWB ranges in addition to GNSS only around a urban canyon tra�c intersection in terms of

positioning availability and accuracy for intersection safety applications. These development

and tests will then be expanded to the V2V case where all of the network nodes are moving.

One remaining urban test is not reported as its results are not signi�cantly di�erent than

those reported here.

3.2.1 Data Collection

All of the methods presented in this thesis have been implemented and tested on real data. In

order to do this, a system was developed to collect real data using multiple sensors mounted

on multiple vehicles (V2V) or static infrastructures (V2I) was developed. To accomplish

this, a co-axial GNSS antenna and UWB radio mount was built as shown in Figure 3.1. The

mount is designed to have the phase centers of the GPS antenna and the UWB radio antenna

vertically aligned as co-linear. By having the same apparatus on another vehicle, it is possible

to obtain UWB range measurements between a UWB radio ranging pair measuring the range

between the phase centers of two GPS antennas, without extra work to take account of the

lever arm e�ects between the GPS antennas and the UWB radio antennas, assuming the

baseline length and the pitch and roll angles of the two vehicles are small enough that the

two antenna mounts remain more or less parallel.

The V2I tests that were conducted in favorable open sky conditions are shown for an

example in Figure 3.2 with one rover vehicle and three roadside infrastructures that are

all equipped with GNSS receivers and UWB radios located at three corners of the testing

intersection. The equipment setup was the same for all the V2I tests. Figure 3.3 shows the

equipment setup on top of the rover vehicle. As can be seen, a MSSI UWB radio and a GNSS

antenna are vertically coaxial installed. A serial cable is used to connect the UWB radio and

the data logging computer inside the vehicle. The GNSS antenna is connected to a NovAtel

OEMV3 receiver that is also connected to the data logging computer. A NovAtel SPAN-
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Figure 3.1: System apparatus of a vertically co-axial GPS antenna and UWB radio

CPT system is used in order to provide accurate and continuous reference trajectory, which

is capable of delivering up to centimetre level accuracy (NovAtel, 2013). Another NovAtel

OEMV3 receiver was set up on the CCIT building roof on The University of Calgary campus

to act as the reference station to obtain GNSS data for di�erential GNSS data processing.

The UWB ranges were time tagged using an existing time-tagging scheme which tags the

UWB ranges with the system time of the data logging computer. The roadside infrastructure

is deployed using GNSS antenna and UWB radio mounted tripod with necessary cables and

data logging computer as shown in Figure 3.2.

The V2I �eld test presented herein was conducted in a busy tra�c intersection in down-

town Calgary (3rd Ave. Southwest & 4th St. Southwest), where there is a harsh urban

canyon environment due to the surrounding high buildings (about 30 � 45 stories) as shown

by Figure 3.4. Since it was very di�cult to take a whole picture of the test setup due

to the busy tra�c around, there is no picture showing the actual roadside infrastructure

deployment. However, the deployment of the roadside infrastructures was the same as in

Figure 3.2, three static infrastructures were located at three corners of the intersection with
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Figure 3.2: The V2I test at a tra�c intersection with infrastructures deployment

the same equipment setup. The major di�erence was the high building closely behind the

infrastructure, which leads to high elevation mask to GNSS satellites. The test route was

designed to make the rover vehicle approach the intersection from the north side and then

either pass directly through the intersection or turn right. If the tra�c lights were red, the

vehicle turned right in order to avoid waiting in the intersection for too long (indicates too

long GNSS signal high elevation blockage). A total of 8 approaches of the intersection were

performed, split evenly between going through the intersection and turning right.

The collected data is summarized in Table 3.1. Not only GPS but GLONASS observa-

tions were logged from the NovAtel OEMV3 receivers both on rover vehicle and on CCIT

building roof. As only the UWB radio on the rover vehicle was requesting ranges from the

other UWB radios, there is only UWB ranges available on the rover with about 3 Hz data

rate of each ranging pair. These GNSS observations and UWB ranges were used in the

estimation �lter to obtain integrated V2I positioning solution. The reference trajectory was
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Figure 3.3: Equipment setup on top of the testing rover vehicle in V2I tests

Figure 3.4: Pictures of urban canyon intersection taken facing North (top left), East (top
right), West (bottom left) and South (bottom right)
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Table 3.1: Data collected in urban canyon V2I test

Equipment Data rate (Hz)
NovAtel OEMV3 receivers 10

OEM4-DL receiver (NovAtel SPAN-CPT) 5
IMU (NovAtel SPAN-CPT) 100

MSSI UWB radio (rover vehicle) � 3

Table 3.2: Estimated 1� accuracies of the reference trajectory in the V2I test

Component Max (cm) Mean (cm) RMS (cm) 95th Percentile (cm)
East 1.1 0.6 0.6 0.8

North 1.4 0.9 0.9 1.1
Up 1.5 0.9 0.9 1.2

obtained by processing the GNSS observations and the IMU measurements collected from

the NovAtel SPAN-CPT system with NovAtel Inertial ExplorerTM post-processing software

using forward-backward smoothing. The accuracy of the reference trajectory is consistent

with the expected performance of this commercial system operating in these conditions and

is summarized in Table 3.2.

3.2.2 GNSS and UWB Range Integrated Positioning Results

This section presents the GNSS pseudorange and UWB range integrated solution for V2I

positioning in a harsh GNSS environment. The bene�t of having additional precise UWB

ranges for GNSS carrier phase RTK positioning and ambiguity resolution were evaluated in

Jiang (2012) using the same methodology and equipments setup. This subsection focus on

addressing the bene�t of additional UWB ranges for pseudorange only di�erential GNSS V2I

positioning performance in an urban canyon tra�c intersection using the GNSS and UWB

data described in the previous subsection 3.2.1.

Before integrating the UWB ranges with the di�erenced GNSS pseudoranges, it is desir-

able to characterize the UWB ranging performance by assessing UWB range error behaviors.

The UWB range error was computed by comparing the raw UWB range measurements to
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the reference ranges. The reference ranges were computed were computed using the accurate

reference trajectory of the vehicle and the surveyed infrastructure positions. Initial results

identi�ed UWB range errors that were larger than what is normally expected. Upon closer

examination, it was discovered that many of the errors were caused by a time synchroniza-

tion issue between the raw UWB range measurements. More speci�cally, it was identi�ed

that the UWB time tags drift relative to the GPS time tagged reference solution over the

course of a data set. This is not overly surprising since the UWB data is time tagged using

the internal clock on the data logging laptops. Thus, care was taken to remove and account

for time synchronization errors in the UWB data. This problem is complicated by the fact

that the synchronization errors were found to change over the course of a data set. To ac-

commodate this, synchronization errors/o�sets were computed over two or three periods of

each data set and were linearly interpolated across the entire data set. Finally, once the time

synchronization error was determined and applied, the UWB ranges were corrected for its

systematic errors by post-processing and then interpolated to coincide with the GNSS data

rate.

The GNSS and UWB integrated data processing was accomplished by an epoch-by-

epoch least-squares estimator using a combination of GPS/GLONASS pseudoranges and

UWB ranges. The estimation was implemented in a custom version of C3NAV G2T M soft-

ware developed in The University of Calgary as part of an unrelated project. This software

provides the ability to process single point and di�erential code GPS and GLONASS obser-

vations with the addition of a number of stationary range sensors, In this case UWB radios

that are being ranged from a UWB radio located on the vehicle. UWB measurements were

recorded for up to 300 m distance measurements, or in other words the full range of the

vehicle trajectory during the tests, however at larger distances the data was more sparse and

contained a signi�cant number of outliers. At these larger ranges, line of sight between the

vehicle and the stationary UWB infrastructure points also only rarely available suggesting
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that the ranges we observed were multipath signals. In this V2I data processing, only ranges

obtained when the vehicle was within 100 m of the intersection were considered. Similarly

for di�erential processing, it was assumed that the local infrastructure service area included

only a 100 m radius around the intersection. Table 3.3 shows the processing parameters used

for the GNSS and UWB integrated data processing.

The overall geometry analysis and positioning performance evaluation is not presented

here for the whole data set, but emphasis is given to the data collected around the intersec-

tion. The results analysis strategy is shown by Figure 3.5, where the driving route around

the intersection was divided into four di�erent areas for analysis purposes. The middle point

of the intersection, denoted by a red dot point, is intentionally selected as the reference point,

from which the four areas are de�ned. The four areas include the intersection itself (i.e.,

between the four corners and outlined by red dash lines), the north leg (northern area to

the intersection), the west leg (western area to the intersection), and the south leg (southern

area to the intersection), as shown in the �gure. Since the three static infrastructures were

deployed right at the northwest (NW), southwest (SW), and southeast (SE) corners of it,

the three static UWB radios were denoted as NW, SW, and SE UWB radio, respectively.

In each area, ranges are computed between the reference point to the reference trajectory,

divided by into each of the four areas and �nally placed into 10 m bins; 0 10 m belong to the

10 m bin, 10-20 m belong to the 20 m bin and so on. The following analysis is performed in

each area in terms of the GNSS and UWB measurement availability and the corresponding

Horizontal Dilution of Precision (HDOP) value. The RMS positioning error is calculated

at each range bin to evaluate how far away from the UWB radios the positioning accuracy

can be improved by deploying additional UWB range measurements. Table 3.4 shows the

statistics of the UWB range error with systematic errors corrected and synchronization error

removed. Note that the UWB measurement quality appears to be poorer than in the open

sky tests. This may due to non-LOS (NLOS) condition (blockage resulting from other tra�c)
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Table 3.3: Parameters used for the V2I GNSS/UWB integrated data processing

Parameters Values
GNSS zenith pseudorange std. 4.0 m

UWB range std. 0.5 m
Elevation mask 10o

GDOP threshold 10

Figure 3.5: The illustration of the result analysis strategy with divided areas of the testing
intersection

or UWB multipath (the glass walled buildings surrounding the test location).

Figure 3.6 shows the number of available GPS and GLONASS measurements and UWB

range measurement and the corresponding HDOP values versus range in the intersection

area. The number of HDOP values is limited due to the limited number of position solutions

obtainable within the intersection (this is primarily because the vehicle is only within the

intersection for a short time during each pass). The HDOP sub-�gure shows the bene�t of

the addition of the UWB ranges. Not only is the position solution availability is improved
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Table 3.4: Error statistics of the UWB ranges collected in the urban canyon V2I test, after
removal of the systematic errors and synchronization error

UWB radio location Mean (m) RMS (m)
NW 0.05 0.60
SW 0.15 1.16
SE 0.23 1.02

(more dots in other colors than in red), but also the positioning geometry is improved.

Note that the intersection is surrounded by about 40-story buildings at each of the four

corners. The corresponding RMS positioning errors in the intersection area is shown in

Figure 3.7. Note that the vertical axis is on a log scale to facilitate comparison of the

di�erent solutions. Only two range bins are evaluated for this area due to the limited size

of the intersection. Generally, positioning accuracy improvement is seen with the addition

of the UWB ranges. The horizontal and vertical positioning accuracy are improved by two

orders of magnitude and one order of magnitude with the addition of all the three UWB

ranges, respectively. Using only two of the three UWB ranges, more positioning accuracy

improvement is obtained at the 20 m range bin than the 10 m range bin, while using three

UWB ranges more improvement is obtained at the 10 m range bin. The reason for this

is that the data points in the 20 m bin only occur near the NW and SW corners of the

intersection, where the relative geometry of the NW and SW stations are most optimal

(i.e., where their line of sight vectors are most orthogonal). Conversely, for the three-radio

case, the best geometry occurs closer to the center of the intersection. In other words, the

positioning bene�t depends on the set up of the UWB radios relative to the vehicle and thus

the resulting geometry.

Figure 3.8 and Figure 3.9 show the performance metrics for the north-leg of the test. As

can be seen, there is a period of positioning solution outage between 30 m and 50 m from the

intersection (except for one epoch where three UWB ranges are available) due to an overhead

walkway in that area (see the north facing picture in Figure 3.4). For the position solutions
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Figure 3.6: Number of GNSS pseudoranges and UWB ranges used in positioning in the
intersection area and the corresponding HDOP

Figure 3.7: RMS positioning errors of di�erent con�gurations with respect to range bins at
the intersection
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Figure 3.8: Number of GNSS pseudoranges and UWB ranges used in positioning in the north
leg area and the corresponding HDOP

obtained more than 50 m away, the combined DGPS and di�erential GLONASS integrated

with UWB solutions provide better HDOP and thus better positioning accuracy. However,

for the position solutions obtained more than 80 m away, the bene�t of UWB ranges is not

obvious anymore due to the open sky environment in which the GNSS alone provides a good

solution. Overall, the best positioning accuracy is obtained during 10 20 m range with the

addition of the UWB ranges. More speci�cally, within this range, the positioning accuracy

is improved from several tens of metres with GNSS alone to less than 1 m when two or more

UWB radios are available. This is particularly important since it is expected that the quality

of the solution becomes more critical as the vehicle approaches the intersection.

Figure 3.10 and Figure 3.11 show the performance metrics for the west-leg of the test.

The SE UWB radio helps very little due to the limited number of range measurements avail-

able. Not much di�erence is seen between the combined DGPS and di�erential GLONASS

solutions with or without the SE UWB except that the SE UWB helps by improving the po-

sitioning accuracy over the ranges of 10 � 20 m. Generally, with the addition of two or three
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Figure 3.9: RMS positioning errors of di�erent con�gurations with respect to range bins at
the north leg

UWB range measurements, the HDOP is improved all the time. However, the positioning

accuracy is some times worse than the combined DGPS and di�erential GLONASS solution

alone when the UWB ranges were added. This may due to the fact that some of the UWB

ranges contain residual errors or even undetected outliers resulting from the inaccurate time

synchronization or possibly NLOS errors, since this �eld test was conducted on a downtown

street with busy tra�c and the UWB ranging signals are subject to NLOS conditions with

the presence of the other large moving vehicles.

Figure 3.12 and Figure 3.13 show the performance metrics for the south-leg of the test.

Similar performance conclusions still can be drawn for this area as for the previous areas

discussed above. Note that the combined DGPS and di�erential GLONASS solution can

only provide several epochs of position solutions over the range of 10 � 20 m during that

time. Adding the UWB ranges provides more availability of solutions, which is obvious

from the RMS positioning error �gure.

In summary, the bene�ts of adding UWB ranges for relative positioning in harsh urban
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Figure 3.10: Number of GNSS pseudoranges and UWB ranges used in positioning in the
west leg area and the corresponding HDOP

Figure 3.11: RMS positioning errors of di�erent con�gurations with respect to range bins at
the west leg
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Figure 3.12: Number of GNSS pseudoranges and UWB ranges used in positioning in the
south leg area and the corresponding HDOP

Figure 3.13: RMS positioning errors of di�erent con�gurations with respect to range bins at
the south leg
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canyon environment, especially two or more ranges, have been demonstrated through this

analysis in terms of the availability of measurements, HDOP, and RMS positioning error

over range bins. Results demonstrated the possibility to provide accurate position solutions

for vehicles approaching a typical downtown intersection surrounded by large buildings and

more importantly demonstrate a signi�cant improvement relative to the combined DGPS

and di�erential GLONASS solution alone.

3.3 Summary

This chapter presented the algorithm of tightly integrating DGPS and V2I and V2V range

and bearing observation for vehicular positioning. A V2I test in an urban canyon was

described, the collected real world GNSS and UWB range data in a harsh downtown tra�c

intersection was processed to show the bene�t of adding UWB ranging radio around the

intersection in terms of vehicle positioning availability and accuracy. The next chapter

extends the integration algorithm to V2V relative positioning application.
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Chapter 4

DGPS Multi-baseline Estimation Augmented with UWB Range

and Simulated Bearing and V2V Testing

The sensor and data integration methodology on GPS, UWB Range and simulated bearing

measurement has been presented in the previous chapter and was demonstrated for GPS and

UWB range applied to a V2I scenario. This chapter extends the discussion to multi-vehicle

V2V cooperative relative positioning based on a GNSS multi-baseline estimation approach.

The multi-baseline estimation is also augmented with range and bearing measurements. V2V

�eld tests are described, followed by data processing with the collected real world GNSS and

UWB range data and simulated bearing measurements to demonstrate the V2V relative

positioning performance and the bene�t of range and bearing augmentation.

4.1 Multi-baseline Estimation

Multi-vehicle GPS relative positioning involves multiple baselines formed between vehicle

pairs and seeks a GPS network positioning solution for all vehicles. The current approach

to solve this problem, even in commercial software packages, is to process the individual

baselines �rst using the di�erenced GPS observations over each baseline, and then those

individual baseline estimates are used as observations in a network adjustment (Saalfeld,

1999). This approach makes the assumption that all the baseline estimates are independent.

However, this may not be true since in a network of m GPS receivers only m�1 independent

baselines can be formed, as illustrated in Figure 4.1. In this con�guration, vehicle 1 is

interested to estimate the multiple baselines between itself and all the reachable neighboring

vehicles. The baselines originating from vehicle 1 itself to the other vehicles are categorized
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Figure 4.1: Multi-baseline con�guration in an m vehicles network

the independent baselines of vehicle 1, such as Baseline12 (Baselineij denotes the baseline

from vehicle i to vehicle j), Baseline13, and so on, and the other baselines formed between

the other vehicles (except vehicle 1 itself) are categorized the dependent baselines of vehicle

1, such as Baseline23.

Note that vehicle 1 in Figure 4.1 is also called the \Lead" vehicle that is a concept

involved in the multi-vehicle relative navigation. As addressed in the previous chapter, the

GPS relative positioning requires the reference receiver’s position to be known, since the

observations used are the between-receiver di�erenced GPS observations that cannot be

used for estimating the rover receiver’s absolute position. Thus, the Lead vehicle refers to

the vehicle who wants to know its relative navigation information to the other neighboring

vehicles with its own absolute position assumed to be known. In the scenario of V2V relative

navigation, the Lead vehicle acts as a moving reference receiver and the other vehicles in its

vicinity area are rover receivers.

Based on the GPS single-baseline estimation technique discussed in the previous chapter,

and integrating the GPS SD pseudorange, Doppler and carrier phase observations with inter-

vehicle UWB ranges and bearing data, the measurement equation for relative positioning
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between the Lead vehicle and the others is formulated as
2
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where the subscripts i = 1; 2; : : : ; m denotes the vehicle 1; 2; : : : ; m respectively; the notations

of the observations follow the development in the previous chapter, and

H is the block design matrix associated with an individual baseline, linearizing at the

current position estimate of each vehicle i

v is the noise vector of all observations

Taking the three-vehicle sub-network (i.e. formed by vehicle 1, vehicle 2 and vehicle 3) in

Figure 4.1 for an example, the EKF state vector of the two-baseline estimation on the Lead

vehicle, using the notation in equation 2.45, is given by

x1 = [x12 x13]T

=
h
~b12 ~v12 �dt12 � _dt12 ~b13 ~v13 �dt13 � _dt13 � ~N12 � ~N13

iT
(4.2)

Due to the fact that all the baselines being estimated originate from the Lead vehicle

only, the GPS SD observations over all the estimated baselines become correlated, in our
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approach this correlation is taken account of in the construction of the observation covariance

matrix, which can be described by
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where RUD denotes the diagonal covariance matrix of the undi�erences (UD) GPS observa-

tions on each vehicle. Note that the above covariance matrix only accounts for the GPS SD

observations corresponding to that in equation 4.1, as the UWB range and bearing observa-

tions over the baseline are assumed independent to each other. In addition, similar to the

correlation between the SD observations, the initial GPS SD phase ambiguity states are also

correlated between the Lead vehicle’s independent baselines, the covariance matrix of which

P�N;0 is calculated by

P� ~N;0 =
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where P ~N is the diagonal covariance matrix of UD carrier phase ambiguities on each vehicle.

In summary, by properly taking account for the correlation in the GPS SD observations

and the SD carrier phase ambiguity states, the typical EKF update with the measurement

equation 4.1 can provide a multi-baseline estimate of the relative positioning states between

the Lead vehicle and the other vehicles.

However, what if there is additional GPS satellite tracked by the other vehicles other than

the Lead vehicle itself, i.e., there are additional GPS SD observations over the Lead vehicle’s

dependent baseline? As shown in the aforementioned three-vehicle sub-network in Figure

4.1, if vehicle 2 and vehicle 3 are tracking the same four satellites PRN 1, 2, 3 and 4, the
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SD observations formed from these four satellites over the Lead vehicle’s dependent baseline

(Baseline23) provide no new information for estimating the Lead vehicle’s two independent

baselines (Baseline12 and Baseline13). This is due to the fact that these SD observations

over Lead vehicle’s dependent baseline can be obtained by simply di�erencing the SD ob-

servations from the same satellites over its independent baselines, which is described by the

following manipulation

�p23 = p3 � p2 = (p3 � p1) � (p2 � p1) = �p13 � �p12 (4.5)

If, in addition, vehicle 2 and vehicle 3 are tracking one more satellite, PRN 5, than

the Lead vehicle, then the additional GPS SD observations obtained from PRN 5 over

Baseline23 cannot be incorporated to estimate the independent baselines directly. This

type of observations is categorized as an independent observation over the dependent baseline,

which not only includes the GPS SD observations but also the UWB range observation and

bearing observation over the dependent baseline. In order to make use of them for estimating

the independent baselines, they have to be projected onto the corresponding independent

baselines. Considering the aforementioned three-vehicle sub-network con�guration and using

the cosine law on the formed triangle, the following relationship is obtained

k~b23k2 = k~b12k2 + k~b13k2 � 2k~b12kk~b13k cos �

= k~b12k2 + k~b13k2 � 2k~b12kk~b13k
~b12 �~b13

k~b12kk~b13k
= k~b12k2 + k~b13k2 � 2~b12 �~b13 (4.6)

where � is the angle formed by Baseline12 and Baseline13. Note that in the above equation,

the modulus is calculated as k~b1ik =
p

(xi � x1)2 + (yi � y1)2; i = 2; 3, and by expanding

the dot-product, the following equation is obtained

k~b23k =
q

x2
12 + y2

12 + z2
12 + x2

13 + y2
13 + z2

13 � 2(x12x13 + y12y13 + z12z13) (4.7)

where xij = xi � xj; yij = yi � yj; zij = zi � zj are the coordinate di�erence between two

points. This equation indicates that the range between two points, i.e. the third side of a
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triangle, can be calculated indirectly using the known coordinates of these two points and

an additional third point, which provides a non-linear relationship between the range of

the third side of a triangle and the other two sides of the triangle. As such, in the multi-

baseline estimation algorithm herein, the Lead vehicle’s independent observations over the

dependent baseline can be integrated to estimate its two independent baselines according

to the following equation that uses the GPS SD pseudorange measurement as an example.

The resulting design matrix row vector hp;dep is calculated by applying the �rst order Taylor

expansion on equation 4.7

hp;dep =

"

�
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(4.8)

Note that the above equation presents the design matrix elements associated with the state

vector in equation 4.2 and �̂ represents the estimated values on the Lead vehicle.

4.2 V2V Data Sets

The previous chapter addressed the concept of V2I testing and positioning, this chapter

continues to develop the concept of V2V testing and relative positioning. In this section,

one provided V2V data set (#1) which includes �eld GPS and UWB range data is �rstly

described, followed by the presentation of another data set (V2V data set #2) with �eld

data collected in a new V2V test. Note that all the data processing and results analysis in

the remainder of this chapter and the following chapters are based on the data sets described

in this section.

4.2.1 V2V data set #1

The �rst V2V data set was collected by the authors of the paper Petovello et al (2012)

and was used to obtain the experimental results in this paper. This data set was collected

on February 26, 2010 for about one hour around the campus of The University of Calgary,

which was provided to the author of this thesis at the beginning of this thesis research and is
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Figure 4.2: Test routes of V2V �eld test 1 (from Petovello et al (2012))

referred to V2V data set #1 throughout this thesis. A brief description of this V2V test and

the data set is as follows. The test trajectory shown by Figure 4.2 was designed to include

areas of open sky and GPS challenged areas of foliage and partial urban that blocks GPS

signal partially due to around buildings. The favorable open sky for GPS is encountered

on campus of The University of Calgary (around the start/end point) and on an inner-city

highway (Shaganappi Trail). An example of GPS challenged signal environment is shown

in Figure 4.3: on the left, the testing vehicles were approaching to the Alberta’s Children

Hospital, where partial GPS blockage is observed as the vehicles get closer to the building;

on the right, the testing vehicles were traveling in a residential area with foliage on both

sides of the road.

Each vehicle was equipped with a MSSI UWB ranging radio and a GNSS antenna on

the top. GNSS data was collected using a NovAtel OEMV3 receiver. For this test, only the
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Figure 4.3: Examples of GPS challenged environments (views from the trailing vehicle to the
other vehicles): partial urban at Alberta Children’s hospital (left); foliage at a residential
area (right) (from Petovello et al (2012))

Table 4.1: Summary of observations of the V2V data set #1

Equipment Data rate (Hz)
NovAtel OEM4-DL receivers (vehicle) 20
NovAtel OEM4-DL receivers (SPAN) 5

IMU (NovAtel SPAN) 100
MSSI UWB radio � 5 (Lead only)

UWB radio on the Lead vehicle was con�gured to request ranges from the other two. As a

result, UWB ranges are only available on the lead vehicle. The UWB ranges were time tagged

using the system time of the data collection computer. A serial cable was used to connect the

UWB radio and the data logging computer and to transfer UWB ranges. Another NovAtel

OEMV3 receiver was set up on the CCIT building roof on campus (less than 6 km away) to

act as the reference station for the di�erential GPS reference trajectory. Two of the three

vehicles were equipped with NovAtel SPAN systems in order to obtain accurate reference

trajectories (typically centimetre level accuracy). An example of the equipment setup on

the roof of one vehicle has been shown in Figure 3.3, which is the same setup as on another

vehicle. The third vehicle was equipped with a UWB ranging radio and a GNSS antenna

the same way, however had no access to IMU. Table 4.1 shows the summary of the collected

data during this test.

The reference trajectory for each vehicle was generated by processing the GPS and
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Figure 4.4: Calculated vehicle separation and bearing from the reference trajectories

GLONASS carrier phase observations, and IMU measurements if available, using the com-

mercial software packages such as NovAtel Waypoint Inertial ExplorerTM and GrafNavTM.

The GNSS carrier phase ambiguity resolution �xed solution (typically centimetre accuracy)

is desired, but which may reduce to a carrier phase 
oat solution during some time periods.

Overall, the estimated accuracy of the reference trajectories are better than 10 cm (1�) in

each coordinate component. Based on these accurate reference trajectories, the reference

baseline solutions are obtained from calculating the other vehicles’ relative position in the

reference receiver’s local level frame. Thus, the calculated reference baseline solutions are

expected to have similar accuracy to that of the absolute reference trajectories, although

the noise would increase due to the position di�erencing. Figure 4.4 shows the calculated

vehicle separation and bearing measurements from the reference trajectories, where there

were many changes of the vehicle formation.

The bearing observations were simulated using the reference trajectories of the three ve-
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hicles. Speci�cally, the bearing measurement is derived from the relative position between

two vehicles that is computed using the two vehicles’ highly accurate reference trajectories.

Note that only two sets of bearing observation were simulated between the Lead vehicle and

each of the other two vehicles. The azimuth of the vehicle \making" bearing measurements

(i.e. the Lead vehicle) were estimated in the same process of obtaining the vehicle reference

trajectory aforementioned. The accuracy of the bearing measurements depend on the accu-

racy of those reference trajectories and is about 0.3 degrees according to (Petovello et al,

2012), which is similar to what can be expected from a automotive radar as listed in Table

2.1.

4.2.2 V2V data set #2

Due to the fact that the GPS receiver and UWB radio ranging system are not integrated in

the physical layer, the system time synchronization needs additional e�ort. In addition, the

existing GPS and UWB ranging synchronization scheme has been identi�ed with variable

timing errors on the order of tens of milliseconds to hundreds of milliseconds in di�erent

segments of the collected data, as described in the V2I test in Section 3.2.2. Therefore, a new

GPS and UWB ranging synchronization scheme was developed. To take advantage of precise

GPS timing, an observation synchronization scheme was designed to have UWB ranges time-

tagged by GPS time, which is shown in Figure 4.5. The idea is to use the GPS time obtained

from a NovAtel GNSS receiver to continuously set (every 1 second or 1 Hz setting rate) the

system clock time of the data logging computer using an application programming interface

function provided in the receiver, while the UWB range logging software running on the

same computer fetches the computer’s system clock time to time-tag the UWB ranges.

With this new time tagging method implemented, the occurrence of timing errors were

substantially reduced, however about 90 ms timing delay remains, which may due to the

processing delay of the UWB range data logging software. This e�ect can be accounted for

in the GPS/UWB integration processing software by adjusting the UWB time via adding
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Figure 4.5: Scheme of GPS time-tagging UWB ranges

the empirically known time delay. Figure 4.6 shows a sample data set of collected raw UWB

ranges in the V2V data set #2 comparing with the reference range, where UWB radio #9

(UWB 9) and UWB 6 acted as the responder and requester, respectively. Through the

approximately half hour test, only a few UWB range outlier are observed, demonstrating

stable ranging capability of these UWB radios. In addition, the UWB ranging pair can

measure the distance up to 350 m but the most e�ective measuring is in the range of 100 m

as shown by the continuous measurements. Further looking at Figure 4.7, the designed GPS

time-tagging UWB range scheme is demonstrated to work well most of the time, however

still residual timing error were observed between the time 800 s and 850 s. An application

using this time synchronization scheme can be found in Jiang (2012) that also assesses

the V2I positioning performance of a GPS/UWB integrated system based on this time

synchronization scheme.

With the new time-tagging scheme described above, V2V data set #2 was collected
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Figure 4.6: Sample raw UWB ranges in V2V data set #2 versus the reference range

Figure 4.7: A zoomed in �gure of part of the UWB ranges corresponding to Figure 4.6
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Figure 4.8: The three vehicles in the �eld test of collecting V2V data set #2 with equipments
setup on each vehicle

from a three-vehicle V2V �eld test that was conducted on June 20, 2012 on campus of The

University of Calgary. The same equipment setup was utilized as that was used to collect

V2V data set #1 , which is shown in Figure 4.8. Figure 4.9 shows the desired open sky testing

environment and the \T" type intersection testing route. As this V2V test was to evaluate

di�erent real road tra�c, two types of vehicle formation were designed: a) \along/across

track" formation, where the vehicles travel together in one direction and pass each other

intermittently; b) \approaching" formation, where each of the three vehicles travels on one

of the three branch roads of the \T" intersection towards to the intersection. An illustration

of the two types of formation can be seen in Figure 4.10. In this V2V test, only the UWB

radio on the lead vehicle was con�gured to request ranges from the other two radios. As a

result, UWB ranges are only available on the Lead vehicle. The collected data summary is

presented in Table 4.2.

Figure 4.11 shows the raw range errors versus range for one of the UWB ranging pairs

during a short period of time in this V2V test. The red line represents a linear �t. No large

blunders are seen and the red line �ts quite well to the errors. The corresponding error
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Figure 4.9: The open sky testing environment at the\T" intersection in the �eld test of
collecting V2V data set #2 (Google EarthTM)

Figure 4.10: Two types of vehicle formation in collecting V2V data set #2: approaching
formation (upper); along/across formation (lower)
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Table 4.2: Summary of observations in V2V data set #2

Equipment Data rate (Hz)
NovAtel OEMV3 receivers 10

IMU (NovAtel SPAN) 100
MSSI UWB radio � 5 (Lead only)

histogram of the same short data segment is shown in Figure 4.12, where an approximate

normal distribution can �t well with zero mean and 9 cm standard deviation. Note that

the inter-vehicle distance is only up to 50 m in this case. Figure 4.13 shows the range error

histogram for half an hour data which has been corrected for linear �t bias and scale factor

of the same UWB ranging pair in this V2V test. Compared to Figure 4.12, the overall errors

are larger with 18 cm standard deviation is observed, and its �t to a normal distribution is

degraded. Note that this half an hour data set contains ranges measured from more than

200 m away. Ranges measured at long distance (> 100 m) are hard to be captured by the

given mathematical UWB range linear model herein. Since there is sparse data when the

UWB ranging radio pair measures more than 200 m. In addition, at long distances, the

UWB measurements may be subject to multipath and also non-LOS conditions due to other

vehicles and also the crown of the road itself.
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Figure 4.11: Raw range error of one UWB ranging pair with linear �t

Figure 4.12: Range error histogram (10 cm bin) with linear �t bias and scale factor corrected,
corresponding to Figure 4.11
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Figure 4.13: Range error histogram (10 cm bin) of half an hour raw UWB ranges corrected
for linear �t bias and scale factor with the same UWB ranging pair
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4.3 V2V Multi-baseline Estimation Results

The integration of DGPS and V2X range and bearing for relative navigation algorithm is im-

plemented based on the multi-baseline estimation technique using C/C++. The systematic

UWB range errors, i.e. the bias and scale factor, were explicitly estimated in the positioning

�lter unless otherwise stated. The azimuth associated with the bearing observation was as-

sumed to known and was obtained from processing the GNSS/IMU data using commercial

software, unless otherwise stated (i.e. being estimated in the navigation �lter). A typical

set of processing parameters is summarized in Table 4.3.

The relative positioning accuracy is analyzed in the along-track and across-track compo-

nents in the Lead vehicle’s body frame that can be transformed from the corresponding east

and north components in the Lead vehicle’s local level frame. This coordinates transforma-

tion is represented by the following rotation matrix

Rb
l =

2

64
cos(�) �sin(�)

sin(�) cos(�)

3

75

where � is the Lead vehicle’s azimuth. Note that these two coordinate systems are all as-

sumed centering at the GNSS antenna. Also note that the analysis of the vertical component

of the relative position is not addressed here as it is of less interest for land vehicle navigation.

In this section, only the provided V2V data set #1 is used to evaluate the bene�t of aug-

menting code DGPS multi-baseline estimation with inter-vehicle UWB range measurements

and simulated bearing measurements. The results analysis investigates and compares four

solutions with di�erent sensor con�gurations which are listed as follows:

� DGPS Only

� DGPS+UWB

� DGPS+Bearing

� DGPS+UWB+Bearing
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Table 4.3: Parameters used for code DGPS based multi-baseline V2V data processing

Parameters Values
GPS zenith pseudorange std. 1.0 m

GPS zenith Doppler std. 0.1 Hz
UWB range std. 0.5 m
Bearing data std. 0.5 degrees

System dynamic model (velocity random walk) [1:0 1:0 0:5]T m=s=s=
p

Hz

and the data processing is divided into two parts due to the failure and subsequent replace-

ment of one of the UWB radios. The �rst section of data is about 10 minutes and was

collected when the vehicles drove from an open sky environment (campus) to a partial urban

environment (Alberta Children’s Hospital) and then went through an open sky environment

again and �nally reached another partial urban environment (Foothills Hospital). The sec-

ond section of data is about 30 minutes and was collected when the vehicles drove from

partial urban environment (Foothills Hospital) to foliage environment (residential area) and

�nally reached open sky environment (Shaganappi Trail, inner-city highway). The three

testing vehicles are referred to vehicle 1 (the Lead vehicle), vehicle 2, and vehicle 3. The

formed baseline between two vehicles is referred to \Baselineij", where i and j are the vehicle

numbers.

Figure 4.14 shows the relative positioning errors of Baseline12 for the �rst data section,

where the DGPS solution only uses pseudorange and Doppler observations without carrier

phase observations. Overall, decimetre level accuracy is achieved for all the solutions in both

directions except degradation on some of the epochs larger than half metre. As shown by

the statistics in Table 4.4, the estimation errors in both directions are unbiased as indicated

by a few centimetres mean and are only one decimetre in RMS sense. The relatively good

results are due to the fact that the �rst data section was mostly collected in an open sky

environment. For the bene�t of additional V2V observations, it is shown that the addition of

the bearing measurements mainly improves (69% in RMS sense) the across-track component

over the DGPS only solution, while the addition of the UWB ranges dose not show any
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Figure 4.14: Baseline12 estimation errors of di�erent solutions for the �rst data section

Table 4.4: Baseline12 estimation error statistics for the �rst section of data

Solutions Across-track (m) Along-track (m)
Max Mean RMS Max Mean RMS

DGPS only 1.02 0.01 0.13 0.54 0.05 0.11
DGPS + UWB 1.02 0.03 0.14 0.58 -0.03 0.14
DGPS + BRG 0.36 0.00 0.04 0.55 0.03 0.09

DGPS +UWB + BRG 0.36 0.01 0.05 0.58 -0.03 0.12

improvement for the current data set. It is because during most of the time of this data

set, DGPS only solution provides relatively good positioning accuracy that is however not

good enough to precisely estimate the systematics errors of the UWB range. The estimated

bias and scale factor error of UWB 8 are shown on the left in Figure 4.15. The estimation

accuracy of the systematic errors is obviously not good by comparing them to the post-�t

values (deemed as the \true" values) obtained from assessing the raw range error with a

linear �t as shown on the right in Figure 4.15.

To further examine the second section of data, as shown by Figure 4.16, the overall
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Figure 4.15: Systematic errors of UWB 8 in the �rst data section: estimated bias and scale
factor errors versus post-�t values (left); raw range errors with linear �t (right)

Table 4.5: Baseline12 estimation error statistics for the second section of data

Solutions Across-track (m) Along-track (m)
Max Mean RMS Max Mean RMS

DGPS only 1.37 0.08 0.40 1.55 0.30 0.75
DGPS + UWB 1.03 0.09 0.37 1.75 0.28 0.66
DGPS + BRG 1.03 0.01 0.14 1.50 0.26 0.68

DGPS +UWB + BRG 0.84 0.02 0.13 1.79 0.29 0.66

relative positioning accuracy is degraded a few decimetres comparing with that of the �rst

data section in terms of the di�erent scale of these two �gures, due to longer period of

data were collected in partial urban and residential areas. For the second data section, the

addition of UWB ranges improved the along-track error by 10 centimetre (13%) in RMS

sense as shown by Table 4.5, but has less impact on the across-track component. The most

signi�cant improvement (more than 2 decimetres, 65% in RMS sense) was achieved, again,

on the across-track accuracy by adding the bearing measurements that has less impact on

the along-track component.

Figure 4.17 shows the along/across-track estimation errors of Baseline12 for a short

period when the vehicles were driving in the residential area with dense foliage. The corre-

sponding number of SD GPS pseudoranges and UWB ranges and the bearing angle between

the two vehicles are shown in Figure 4.18. As can be seen, there was a short period of data
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Figure 4.16: Baseline12 estimation errors of di�erent solutions for the second data section

with degraded geometry as less satellites were observed during that time (GPS time 502860

- 502870), and the two vehicles were driving mostly along-track with small bearing angles

as shown by the lower subplot. In this case, during that GPS-challenged short period, the

addition of bearing data greatly reduces the across-track error, while the UWB range has

marginally impact on the across-track component as shown by the \overlapped" green and

black lines and almost \overlapped" red and blue lines. For the along-track component, the

UWB range and bearing data each individually improves the estimation accuracy but not

remarkably, the DGPS+UWB+BRG solution relatively provides the most improvement.

To statistically characterize the system performance in terms of relative positioning ac-

curacy using the whole data set, the cumulative distribution of the along/across-track esti-

mation errors of Baseline12 is shown in Figure 4.19. As can be seen, on one hand, more

than 95% of the across-track errors are less than 1 m for all the four solutions, which is

desirable for V2V relative positioning with accuracy requirement \where in lane" (< 1 m).
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Figure 4.17: The snapshot of Baseline12 estimation errors of di�erent solutions in the
residential area

Figure 4.18: The number of observations over Baseline12 and the bearing between the two
vehicles corresponding to Figure 4.17
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Figure 4.19: The cumulative distribution of Baseline12 estimation errors of di�erent solu-
tions for the whole data set

The DGPS+UWB solution only shows marginal bene�t of using UWB range for across-

track positioning, while the bene�t of bearing data (DGPS+BRG and DGPS+UWB+BRG

solutions have more than 90% across-track errors less than 0.5 m) shows great improvement

over DGPS only case. On the other hand, only the DGPS+UWB+BRG solution provides

relatively good performance, i.e. 90% of the errors are less than 1 m, on the along-track

positioning to meet the \where in lane" requirement. Another �nding is that the addition

of UWB range improves the along-track positioning accuracy, comparing with the addition

of bearing data that has less impact on the along-track positioning. The best along-track

positioning results are obtained by augmenting DGPS with them both.

Note that the above results show great relative positioning accuracy improvement is

achievable by integrating the bearing data with DGPS, however these results may be too

optimistic due to two aspects: �rst, the bearing measurement was simulated to have quite

good measurement accuracy; secondly, the azimuth of the vehicle (Lead vehicle) making the
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bearing measurements is assumed to be known very precisely and is actually obtained from

post-processing of the GNSS/IMU data as described in the previous data collection section.

Thus, in the case the azimuth of the Lead vehicle is unknown and needs to be estimated or

to be obtained from other on-board vehicle sensors, the e�ectiveness of the bearing data on

V2V relative positioning has to be reassessed. In order to further address this problem, the

same data set was reprocessed with one additional azimuth state was being estimated in the

EKF. Since there are two bearing observations, from Lead vehicle to the other two vehicles,

associated with the same azimuth state, the e�ect of one or two bearing observations on

the azimuth estimation and relative positioning is assessed. The relative positioning results

are shown in Figure 4.20 in terms of the across-track error di�erence by comparing with the

DGPS+BRG solution with azimuth known. It is found that most of the error di�erences

are less than 10 cm and especially the solution with two bearing observations estimating the

unknown azimuth provides very close results to the case with the azimuth known, which

indicates that the azimuth is e�ectively estimated. The azimuth estimation error is shown

in the upper subplot of Figure 4.21. The azimuth is estimated at the 0:2o accuracy level

continuously during this period when the two bearing observations are all used. With one

less bearing observation, there are a few larger azimuth errors that may due to the vehicle

dynamics as shown by the azimuth changing rate in the lower subplot of Figure 4.21. In

addition, the degraded relative positioning accuracy also a�ects the estimation accuracy of

the azimuth state, as shown by the same epochs of relatively larger across-track positioning

errors (upper subplot Figure 4.20) accompanied by relatively larger azimuth error (upper

subplot of Figure 4.21).
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Figure 4.20: The Baseline12 across-track error di�erence from the DGPS+BRG solution
with known azimuth when one or two bearing observations used to estimate the azimuth for
the �rst data section

Figure 4.21: The estimation error of Lead vehicle’s azimuth (upper) and the corresponding
azimuth rate calculated from reference azimuth (lower) for the �rst data section
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4.4 Summary

Chapter 4 presented the GPS multi-baseline estimation algorithm for V2V relative position-

ing in a small vehicular network. A provided V2V data set and a �eld collected V2V data

set were described in details. The code DGPS multi-baseline estimation was demonstrat-

ed using the provided V2V data set, and the bene�t of range and bearing augmentation

was discussed. The next chapter extends the development to a decentralized algorithm for

V2V relative positioning, based on the multi-baseline estimation technique presented in this

chapter and the sensor integration details in the previous chapter.
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Chapter 5

Decentralized V2V Relative Positioning with Code DGPS

Multi-Baseline Estimation

The previous chapter presented the integration algorithm for V2X navigation using tightly-

integrated DGPS observations, UWB ranges and simulated bearing data in a typical cen-

tralized EKF along with experimental evaluation. This chapter extends the discussion of

the V2V relative navigation algorithm to a decentralized �ltering approach in a coopera-

tive manner, and the methodology of using GPS SD observations and UWB ranges will be

described followed by some results and analysis based on the pseudorange DGPS processing.

5.1 Decentralization strategies

For the estimation problem of V2V relative navigation involving multiple systems and mul-

tiple sensor in a vehicular network, there are generally three basic types of data processing

architectures (Ferguson and How, 2003):

� Centralized: One central vehicle is designated and collects all the data and information

to estimate the relative navigation states between all the vehicles.

� Decentralized: The processing is divided into each vehicle using only locally available

data and possibly information shared by other vehicles

� Hierarchic: A combination of centralized and decentralized processing is utilized in

di�erent subnetworks with possible interaction between these subnetworks

Among them, the centralized architecture can provide the best accuracy theoretically but

presents an intensive computational burden on the central vehicle and requires heavy com-

munication; the decentralized is desired in order to distribute the computation and data
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transmission across the vehicle network, but the system accuracy cannot be always main-

tained to the same level as that of the centralized architecture if there exists correlation in

the data or the system itself. It is, therefore, appealing to have a decentralized architecture

for data processing especially of large vehicle networks.

In Ferguson and How (2003), the �lters used for estimation in a decentralized architecture

is categorized into two classes:

� Full-order �lters : Each vehicle in the network runs a decentralized �lter estimating

the navigation states of the vehicles in the entire network.

� Reduced-order �lters: Each vehicle estimates only its own navigation state.

The information �lter (the information form of KF) can be used to implement the full-

order decentralized �ltering architecture as suggested in Nebot et al (1999). The use of

the decentralized information �lter on each vehicle allows for convenient assimilation of new

measurements collected from itself and the other vehicles. In this case, the decentralized

information �lter updates with not only its own new measurement but also new measure-

ments from all the other vehicles, and is thus algebraically equivalent to the centralized

form of the �lter, no information is lost and thus retains the same system accuracy as the

centralized estimate, which is an appropriate solution for some applications, e.g. for a small

scale network of vehicles interests more about system accuracy. However, the drawbacks

of this estimator arises if the vehicle network expands, if too many vehicles are estimating

the entire network state, the correlation in the covariance matrix becomes complicated and

needs to be fully accounted for, the nuisance states have to be dealt with properly, and the

data (observations and large covariance matrix) that needs to be exchanged in the network

increases with the number of vehicles as fully connectivity between the vehicles is required.

These drawbacks make this estimator an unwise choice for relatively larger vehicle networks

for state estimation of the entire network.
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5.2 KF Based Decentralization and Fusion

As the EKF is selected as the estimator for the V2X relative navigation system, The following

subsections start with the formulation of the typical centralized KF followed by its decen-

tralization and then the optimal global fusion, whereby states estimated in the decentralized

�lters can be fused to obtain a result equivalent to the centralized estimate.

5.2.1 Typical centralized Kalman �ltering

For joint estimation of relative positions among a group of m vehicles, i.e. between one

vehicle and the other m � 1 vehicles, the conventional approach is to use a centralized �lter

to process all the observations gathered from all the vehicles. Following the notation of

Brown and Hwang (2012), the linearized discrete form of the state-space model describing

the system is

xk = �kjk�1xk�1 + wk�1 (5.1)

zk = Hkxk + vk (5.2)

where k = 0; 1; 2; ::: denotes the discrete time epochs; xk 2 Rn are the centralized states

to be estimated and the initial conditions are assumed to known, i.e. Efx0g = �x0 and

Ef(x0 � �x0)(x0 � �x0)T g = P0; wk 2 Rn and vk 2 Rn are zero-mean white Gaussian noises

independent of the initial states x0, i.e. wk � N(0; Qk) and vk � N(0; Rk), respectively and

furthermore they are uncorrelated, i.e. EfwkvT
j g = 0; zk 2 Rn is the measurement vector

for the entire system.

Given the above system and measurement model under the stated assumptions, the

recursive discrete EKF solution for the system following Brown and Hwang (2012) is given

by

xkjk = xkjk�1 + Kk(zk � Hkxkjk�1)

= (I � KkHk)xkjk�1 + Kkzk (5.3)
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and

Pkjk = (I � KkHk)Pkjk�1 (5.4)

where

Kk = Pkjk�1HT
k (HkPkjk�1HT

k + Rk)�1 (5.5)

xkjk�1 = �kxk�1jk�1 (5.6)

Pkjk�1 = �kjk�1Pk�1jk�1�kjk�1 + Qk�1 (5.7)

Note from equation (5.4), the following equation is obtained

I � KkHk = PkjkP�1
kjk�1 (5.8)

which results in

xkjk = PkjkP�1
kjk�1xkjk�1 + Kkzk (5.9)

In summary, equations (5.9) and (5.4) are the typical EKF measurement update equa-

tions, while equations (5.6) and (5.7) represent the typical state prediction.

5.2.2 Decentralized local Kalman �ltering

Following the development of Hashemipour et al (1988), if the observation vector is parti-

tioned to m blocks of observations represented as zk = [z1
k; z2

k; : : : ; zm
k ]T , and assuming the

observations in each block are uncorrelated with observations in the other blocks, then we

can obtain vk = [v1
k; v2

k; : : : ; vm
k ]T and

Rk = EfvkvT
k g =

2

66666664

R1
k 0 0 0

0 R2
k 0 0

0 0 . . . 0

0 0 0 Rm
k

3

77777775

where zi
k; vi

K 2 Rmi and
P

mi = m. Accordingly, the design matrix of the centralized �lter

is considered to be formed by m design matrices of the local �lters and is represented by
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Hk =
h
H1

k
T ; H2

k
T ; : : : ; Hm

k
T
iT

. Thus, as an analog to equation (5.2), we have

zi
k = H i

kxi
k + vi

k (5.10)

If each block of the observations represents the observations gathered by one of many vehicles

in the group, then equation (5.10) represents the local observations as they relate to the full

centralized state vector. Thus, this indicates each vehicle obtains its local estimate of the full

set of states using the available local observations. As an analog to the centralized estimate

described by equation (5.3), the local estimate is

xi
kjk = (I � Ki

kH i
k)xi

kjk�1 + Ki
kzi

k (5.11)

where

Ki
k = P i

kjk�1H i
k

T (H i
kP i

kjk�1H i
k

T + Ri
k)�1 (5.12)

and the local covariance update can be derived as

P i
kjk

�1 = P i
kjk�1

�1 + H i
k

T Ri
k

�1H i
k (5.13)

Note equation (5.13) is the information form (meaning that the inverse of the covariance

matrix is used and stored instead of the covariance matrix itself), and equation (5.12) can

thus be re-written as

Ki
k = P i

kjkH i
k

T Ri
k

�1 (5.14)

Since the local state vector is the same as the full centralized state vector, the local KF

prediction has the same formulations as the centralized ones and are represented by

xi
kjk�1 = �i

kjk�1xi
k�1jk�1 (5.15)

and

P i
kjk�1 = �i

kjk�1P i
k�1jk�1�i

kjk�1
T + Qi

k�1 (5.16)

where �i
kjk�1 = �kjk�1 and Qi

k�1 = Qk�1.
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In summary, for uncorrelated observations from multiple local sensor systems estimating

the same state, an KF formulation can be developed similarly to that of centralized KF,

and the multiple local estimators can be considered as parallel partitions derived from the

centralized �lter. Each local estimate may have a di�erent solution, depending on which

subset of the whole set of measurements is used by each local estimator.

5.2.3 Decentralized Kalman �ltering fusion

The next question to consider is how to optimally fuse these local estimates to obtain an

estimate that is equivalent to a centralized estimate where all of the observations are pro-

cessed at a centralized �lter. Following equation (5.14), the Kalman gain multiplied by the

full observation vector can be expressed as the sum of the gains from each of the sub-sets of

observations, is

Kkzk = Pkjk

mX

i=1

H i
k

T Ri
k

�1zi
k (5.17)

Substituting equation (5.14) into equation (5.11) and replacing only the second Ki
k on the

right, results in

H i
k

T Ri
k

�1zi
k = P i

kjk
�1xi

kjk � P i
kjk

�1(I � Ki
kH i

k)xi
kjk�1 (5.18)

Then, as an analog to equation (5.8), we have

I � Ki
kH i

k = P i
kjkP i

kjk�1
�1 (5.19)

Substituting the above equation into equation (5.18) gives

H i
k

T Ri
k

�1zi
k = P i

kjk
�1xi

kjk � P i
kjk�1

�1xi
kjk�1 (5.20)

Finally, by using equations (5.3), (5.8), (5.17), and (5.20), the globally fused estimate is

xkjk = Pkjk(Pkjk�1
�1xkjk�1 +

mX

i=1

(P i
kjk

�1xi
kjk � P i

kjk�1
�1xi

kjk�1)) (5.21)
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where

Pkjk
�1 = Pkjk�1

�1 + HT
k R�1

k Hk

= Pkjk�1
�1 +

mX

i=1

H i
k

T Ri
k

�1H i
k (5.22)

= Pkjk�1
�1 +

mX

i=1

(P i
kjk

�1 � P i
kjk�1

�1)

Note that xkjk�1 and Pkjk�1
�1 are the prediction of the globally fused estimates and are ac-

tually the same as the centralized �lter prediction. In other words, the fused state covariance

can be obtained from the sum of each local estimators post-update variance (due to both

local observations update and prediction of the a priori value) minus the contribution of all

but one of the a priori values such that the sum of all these terms includes the a priori value

once only, plus additional information due to each block of observations.

In all, equations (5.21) and (5.22) show the optimal KF fusion algorithm to generate an

estimate that is equivalent to that which would have been obtained from processing all of

the observations in a centralized �lter by using uncorrelated blocks of observations in many

local �lters. Note that each vehicle only generates its local estimate and communicates with

its own and other vehicles’ central �lter if applicable, while it is optional to have backwards

communication from the central �lter to the local system processor. The global centralized

estimate is only available when all the information from the local systems is available to

the central processor, which relies on and is limited by the communication connectivity and

delay. If the fused estimate is fed back to the local �lters, this is equivalent to providing

a new a priori state estimate and covariance for the above representation, so no additional

changes are required to the above derivation other than noting that it will restart if there is

a feedback from the fused estimate. Also note that this fused estimate feedback may occur

at a lower rate than the local �lters are updating.
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5.3 Methodology

This section describes the methodology to apply the previous theoretical development to

the multi-vehicle V2V relative navigation system using DGPS observations and inter-vehicle

range and bearing observations. Before describing the details, several assumptions and

constraint are presented as follows:

� Assume the vehicle network consists of m vehicles that are moving as in realistic tra�c.

� Each vehicle is equipped with a GPS receiver and possibly other vehicle sensors locally

available to itself only.

� Heterogeneous sensors are assumed in terms of both quality and availability (each

vehicle may or may not have various additional sensors).

� All the vehicles are assumed to have communication capability in the network and ex-

change GPS raw measurements and navigation solution state estimates and covariance

matrices through communication channels only if necessary and feasible.

5.3.1 Designed decentralized �ltering architecture

As shown in the previous chapter, the multi-vehicle relative positioning solution has been

demonstrated and implemented in a centralized �ltering architecture that relies on the cen-

tralized �lter to receive all the observations, including GPS observations, UWB range mea-

surements and bearing measurements. Thus, it requires full connectivity and synchronous

observations in the multi-vehicle network. Alternatively, recognizing the inherent decen-

tralized nature of an ad hoc network of vehicles, a decentralized �ltering architecture is

more suitable due to that it could enhance the robustness of the system by reducing the

requirement on system synchronization and connectivity.

Motivated by the potential advantages of a decentralized approach, based on the KF de-

centralization and fusion presented in the previous section, a full order decentralized �ltering
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architecture with a post estimation global �lter for information fusion is designed intended

for a small scale vehicular network, as shown by Figure 5.1 with a two-vehicle con�guration.

In this architecture, each vehicle broadcasts its own local GPS observations to the rest of the

vehicles for them to perform di�erential GPS to obtain a local estimate of the entire group’s

relative positions in its local �lter. If one vehicle has access to range and bearing observations

between itself and the other neighboring or \detectable" vehicles, it will consider the range

and bearing observations as local observations which are not shared with other vehicles and

are only used to update its local �lter. Furthermore, in order to obtain centralized equiva-

lent estimates, each vehicle runs a global fusion �lter to fuse its local estimate and the other

local estimates (obtained through other vehicles’s broadcasting of their local estimates) in a

way to obtain the centralized equivalent estimates. Note that there is an optional feedback

(dashed line) from the global fusion �lter to the local �lter, where the local prediction is

replaced by the global prediction before the next local �lter update. In this case, the local

�lter update of next epoch is actually not \local" and is identi�ed as the \local estimate

with global prediction" in the context of this thesis.

The above designed decentralized �ltering architecture relies on information sharing

through communication links between vehicles. As stated, the DSRC communication proto-

col is designed for vehicular communication. According to Kenney (2011), the bandwidth of

a DSRC channel is 10 MHz that is far beyond the minimum requirement to broadcast raw

GPS observations, vehicle numbers, state vector, covariance matrix and so on. Typically

these information takes up no more than thousands of bytes.

The details of the local �lter and global fusion �lter and their operations are described

below.
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Figure 5.1: Decentralized �ltering architecture with a post-estimation global information
fusion �lter

5.3.2 Filtering descriptions

To address the developed decentralized �ltering architecture and the methodology of using

SD GPS observations and inter-vehicle range and bearing observations, the three-vehicle

(V 1, V 2, V 3) subnetwork shown in Figure 4.1 is used as an example for illustration. The

multi-baseline estimation is shown in two vehicles’ perspective at the same time as in Figure

5.2, where the \red" arrowhead lines represent the independent baselines being estimated

on the associated vehicle and the \black" dashed lines represent the dependent baselines of

that vehicle not being estimated.

Local �lter

In the example shown by Figure 5.2, the local �lter on V 1 is designed to estimate its two

independent baselines (Baseline12 and Baseline13, represented as red arrowhead lines in

Figure 5.2), using observations locally available. In this example, V 1 only has access to SD
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Figure 5.2: Baseline estimation in di�erent vehicle’s perspective in the same vehicular net-
work: V 10s perspective (left); V 20s perspective (right).

GPS observations formed by di�erencing its own local GPS observations with the broadcasted

GPS observations from the other two vehicles. According to the previous chapter, the local

�lter state vector of V 1 is a typical DGPS multi-baseline estimation state vector, if using

only SD GPS pseudorange and Doppler observations, it is parameterized as

x1 = [x12 x13]T

=
h
~b12 ~v12 �dt12 � _dt12 ~b13 ~v13 �dt13 � _dt13

iT
(5.23)

Note that the above subscripts 12 and 13 denote \from vehicle V 1 to vehicle V 2 and vehicle

V 3", respectively. As an analog, the local �lter state vector of V 2 is given by

x2 = [x21 x23]T

=
h
~b21 ~v21 �dt21 � _dt21 ~b23 ~v23 �dt23 � _dt23

iT
(5.24)

The local �lter state vector of V 3 can be constructed the same way.

If the three vehicles estimate their independent baselines at their local �lters using only

the same set of SD GPS observations of the satellites in their common view (for example,
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PRN1; 2; 3; 4 here in the �gure), then V 2 and V 3 will have equivalent baseline estimates (i.e.

shown by equation 5.23) as those estimated by V 1. Assuming all three vehicles have the same

a priori states and covariance in their local �lters, the state vector estimated, for example at

V 2, can be transformed to match that estimated at V 1, using a linear combination of the

two baselines. As such, a mathematically equivalent estimate of x1 from transforming x2,

denoted as x1j2, is obtained as

x1j2 = T 1
2 x2 (5.25)

where

T 1
2 =

2

66666664

�I8�8 0 0 0

�I8�8 I8�8 0 0

0 0 �I8�8 0

0 0 �I8�8 I8�8

3

77777775

(5.26)

is the baseline transformation matrix. Equivalently, the transformed covariance matrix is

transformed in terms of the covariance propagation law as

P1j2 = T 1
2 P2T 1

2
T (5.27)

Global fusion �lter

However, what if there is an additional satellite that is observed at the other two vehicles

but not at V 1 (e.g. PRN5 in the �gure), or, there is a inter-vehicle UWB range or bearing

observation at another vehicle (e.g. UWB23 or Bearing23 observation available at V 2). In

this case, V 1 is in a situation where there are independent observations over the dependent

baseline that cannot be used in its local �lter for baseline estimation. Thus, the local

estimate on V 1 is not the same as would be obtained by a centralized �lter on V 1 using all

observations available in this network. In order to obtain the centralized-equivalent baseline

estimates on V 1, the global �lter on V 1 is designed to fuse its own local estimate with the

other vehicle’s local estimate without counting the same observations twice or overlapping

information between the two vehicles. The fusion steps are explained as follows.
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Due to the fact that the aforementioned independent observations over the dependent

baseline of V 1 are ordinary independent observations that can be used in V 20s local �lter

states estimation at the same time, if V 20s local estimates has been updated using only these

observations, then a partially updated local estimates and covariance on V 2 can be obtained

and are denoted as x0

2 and P 0

2 respectively. Before fusing with V 10s own local estimates, V 20s

partially updated local estimates has to be transformed into V 10s baseline estimation frame,

which is

x1j2 = T 1
2 x

0

2 (5.28)

P1j2 = T 1
2 P

0

2T 1
2

T (5.29)

Finally, the global estimates on V 1 is obtained by fusing its own local estimate and the above

transformed V 20s partially updated local estimate according to equations (5.21) and (5.22),

which are

x1;kjk = P1;kjk(P �1
1;kjkx1;kjk + P �1

1j2;kjkx1j2;kjk � P2;kjk�1x2;kjk�1) (5.30)

and

P�1
1;kjk = P �1

1;kjk + P �1
1j2;kjk � P�1

1;kjk�1 (5.31)

Note that the above describes the general steps of how the global fusion �lter works

without considering how to deal with the nuisance error states (e.g. UWB range systematic

error states) of the independent observations over the dependent baseline. The further de-

velopment on coping with the nuisance error states of the independent observations over the

dependent baseline is left to the next chapter.

Practical considerations

Figure 5.1 illustrates the observation and estimate sharing between vehicles. Each vehicle

indeed transmits/receives GPS observations and local estimates with associated covariance

matrix to/from other vehicles. More speci�cally, GPS observations are always shared to
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perform DGPS processing. Range and bearing observations are considered local observa-

tions to the vehicle making these observations, which are used to update the vehicle’s local

�lter estimate only. In this case, range and bearing observations are independent observa-

tions over the third vehicle’s dependent baseline. For example, the UWB23and Bearing23

measurements in Figure 5.2 are local observations to vehicle 2 and are independent observa-

tions over V 1’s dependent baseline. Thus, if V 2 has access to any local range and bearing

observations, it would know these observations are independent observations over another

vehicle’s dependent baseline, and it will perform a partial update with these observations.

The corresponding partially updated local estimate and covariance information are ready to

share with another vehicle which then fuses this shared information with its local estimate.

As an analog, the SD GPS observation from the uncommon satellite (e.g. PRN 5 in Figure

5.2) is handled in a similar way.

Further, the order of the measurement update with di�erent types of observations is

essential for the information sharing and global fusion, in other words the ordering of the

measurement updates with the independent observations over the dependent baseline or other

common independent observations is necessary. In order to avoid the same information

obtained from the common observations being counted twice, the partial update with the

independent observations over the dependent baseline should occur before updating with the

common independent observations. Then, the �rst partially updated estimate and covariance

can be broadcasted to another vehicle for fusion purpose.

Acknowledging that there is always latency in practical systems, the shared observations

and local estimates may arrive at other vehicles with time delays. Fortunately, the broad-

casted observation and estimate have time tags. Based on the EKF estimation, the delayed

local estimate from one vehicle could be fused with another vehicle’s previous update. The

fused estimate can be then predicted forward, which occurs in parallel with the local �lter

estimation. Therefore, in practical systems, it will require more memory and computation
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load to deal with latency issues, comparing to the post-processing work in this thesis.

In addition, the practical latency poses a problem in handling the GNSS independent

observations over the dependent baseline. Unlike the UWB and bearing observations, the

GNSS independent observations over the dependent baseline need to be identi�ed �rst, which

requires one vehicle to examine all the received observations from the other vehicles and �nd

the common observations to perform single-di�erencing. In post-processing GNSS data, the

observations from each vehicle are assumed to be broadcasted to the other vehicles without

time delay. As such, the common and uncommon GNSS observations between the vehicles

can be easily categorized and the GNSS independent observations over the dependent baseline

could also be identi�ed immediately. However, the identi�cation of the GNSS independent

observations over the dependent baseline becomes more complicated, when considering the

possible latency in sharing observations with practical communication links. One feasible

solution is to set up a maximum waiting time before any update on each vehicle in order to

fully exchange observations. Then, by examining the common and uncommon observations

on each vehicle, the independent observations over the dependent baseline and common inde-

pendent observations are categorized. Finally, the �lter update follows the order that partial

update with the independent observations over the dependent baseline should be performed

�rst and followed by the common independent observations.

In summary, when the global states and covariance are predicted and fed back to the local

�lter, the local estimate computed at a particular vehicle is only updated by the independent

observations over its independent baselines, which has to be fused with a partial local update

of another vehicle (e.g. V 2 or V 3 herein) to complete a two-stage federated �ltering cycle

at next epoch. Note that the local estimate described in this development is actually a local

update following a prediction based on the global fused estimate from the previous epoch.

It is also possible for an element in the network to run an entirely local �lter without the

global fusion or prediction steps.
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5.4 Decentralized Code DGPS Multi-baseline Estimation Results

This section evaluates the algorithm presented in the previous section using the V2V data

sets as described in Section 4.2. The results and analysis are presented for each individual

data set instead of all together, and starts with the open sky test (i.e. V2V data set #2) to

demonstrate the algorithm, followed by the data set collected in a challenging environment

(e.g. partial urban canyon in V2V data set #1). Note that this section only present the

results based on the pseudorange DGPS and the results from the same data sets using the

carrier phase RTK will be discussed in the next chapter.

Results with V2V data set #2

Figure 5.3 shows the demonstration of the federated �ltering in terms of relative position-

ing errors and corresponding standard deviations using only GPS pseudorange and Doppler

measurements. Note that the same global prediction was fed back to each vehicle’s local

�lter. The estimation errors of Baseline12 are the same in each of the local �lters. More-

over, since all three vehicles were observing the same set of satellites, these local estimates

are identical to the globally fused estimates (since no global fusion occurs as there are no

independent observations over the dependant baseline in each vehicle’s perspective) as well

as the centralized estimates.

A segment of data consisting of four minutes of along/across-track vehicle formation

driving has been processed �rstly to show the e�ect of incorporating UWB ranges in the

local �lter of V 2. Note that the systematic UWB range errors are not estimated but are

corrected for using linear �t bias and scale factor values obtained from post-processing for

the demonstration in this subsection. The results are shown in Figure 5.4 in terms of the

relative positioning errors of Baseline12. Since only V 1 has UWB ranges for �lter update,

i.e. all measurements globally, its estimates of the two baselines are actually equivalent to

the global or centralized estimates. As can be seen in this �gure, on one hand, e�ective
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global fusion is obtained at V 20s global �lter of which the global estimates are identical

to V 10s global estimates. On the other hand, V 20s local estimates di�er from the other

two identical estimates and show marginally poorer positioning accuracy due to the lack of

UWB ranges for �lter update. Since GPS alone provides fairly good positioning accuracy

(not worse than the accuracy of the UWB ranges) in this open sky test, the di�erence is

not remarkable. However, as shown by Figure 5.5, the estimated 1� standard deviations

show that the addition of the UWB ranges improves the estimated accuracy (re
ected in

the several periods of reduced estimated northing or easting standard deviation) when the

relative positions between the vehicles are directly observed by the UWB ranges, which are

due to the changes of the geometry of the vehicle formation as shown by the relative vehicle

separation in Figure 5.6. For example, when two vehicles are traveling in the same direction

with similar speed on an east-west road, the UWB ranges strongly observe the east-west

component of the baseline when the vehicles are following one another (relative north/south

position is almost "0"), and the north-south component of the baseline when one is passing

the other (relative east/west position is almost "0").

In order to evaluate the algorithm more thoroughly, the pseudorange and Doppler obser-

vations of six satellites in the common view of the three vehicles were chosen and manually

removed from V 20s view, leaving only the observations of four or �ve satellites that can be

used for �lter update on V 2. Figure 5.7 shows the easting and northing estimation errors

of Baseline13 on V 1 and V 2. Note that V 2 is not estimating Baseline23 directly but

Baseline21 and Baseline23. The estimation error results of Baseline13 shown here for V 2

are obtained through baseline transformation, which represent the e�ect of the independent

observations over the dependent baseline of V 2. Since these observations cannot be used for

updating V 20s local �lter that has only a limited number of observations, V 20s local �lter

without the feedback of global prediction from its global fusion �lter provides the worst

relative positioning accuracy. In contrast, V 20s local estimate was improved substantially
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Figure 5.3: The estimated Baseline12 errors and standard deviations on V 1, V 2, and V 3
using the same global prediction and the same set of GPS measurements

Figure 5.4: The estimation errors of Baseline12: V 10s global estimates versus V 20s local
and global estimates
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Figure 5.5: The estimated 1� standard deviations of Baseline12 errors: V 10s global estimates
versus V 20s local and global estimates

Figure 5.6: Vehicle separation (reference baseline) derived from reference trajectories
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Figure 5.7: The estimation errors of Baseline13: V 10s global estimates versus V 20s local
and global estimates

by only incorporating the global prediction feedback. Furthermore, it is clear that the V 20s

global �lter provides identical results to V 10s global estimates through fusing V 10s local

estimate. The corresponding RMS errors on the overall relative positioning accuracy verify

this conclusion as shown in Table 5.1.

Table 5.1: RMS errors of estimated Baseline13 with six satellites removed from V 20s view

Filters RMS (m)
Along-track Across-track

V 1 global 0.20 0.27
V 2 local 0.55 0.96

V 2 local with global pred. 0.22 0.30
V 2 global 0.20 0.27
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Results with V2V data set #1

Since the open sky testing described in the previous subsection cannot show the real scenario

where each vehicle has di�erent view of the GPS satellites and thus each vehicle has its own

independent observations over the dependent baseline at the same time, the remainder of this

subsection shows the testing results using data sections collected in challenging environments

during the V2V �eld test #1.

Figure 5.8 shows the Baseline12 estimation error of each vehicle’s local �lter for a short

period of data collected in a residential area, without accounting for each vehicle’s indepen-

dent observations over the dependent baseline. The errors are similar except the GPS time

period 502860 - 502870 due to the di�erent visibility of the satellites for each vehicle as shown

in Figure 5.9. The satellite visibility is illustrated using the number of SD pseudoranges over

the three baselines used to update the local �lters. As expected, the global �lter of each ve-

hicle takes advantage of the independent observations over the dependent baseline and fuses

them with the estimates of the local �lter to improve positioning accuracy. The correspond-

ing results are shown in Figure 5.10 and Figure 5.11. In these �gures, the black line shows

the global estimate on each vehicle as it is identical from vehicle to vehicle. Through the

comparison between the global estimates and the local estimates on each vehicle, it is seen

that the global estimates improves the relative positioning accuracy particularly during the

short period between 60 s and 70 s.
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Figure 5.8: Estimated Baseline12 errors at each vehicle’s local �lter

Figure 5.9: Number of used pseudoranges to update each baseline in a residential area
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Figure 5.10: Estimated Baseline12 errors on the Lead vehicle (V 1)

Figure 5.11: Estimated Baseline12 errors on V 2
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5.5 Summary

The chapter reviews the theoretical development of the KF-based decentralized �ltering

and optimal fusion. Then, the methodology of a decentralized V2V cooperative navigation

based on the DGPS multi-baseline estimation approach is described through the design of a

full-order decentralized �ltering architecture with post-estimation global information fusion

�lter. Finally, the algorithm is demonstrated using GPS and UWB range data collected from

V2V �eld tests. This chapter focus on algorithm development and �eld data testing using

only GPS pseudorange and Doppler observations. The next chapter will extend to using the

GPS carrier phase data for further demonstration and tests.
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Chapter 6

V2V Relative Positioning with Carrier Phase RTK Multi-baseline

Estimation

The previous chapters described the V2V relative navigation algorithm in detail with tightly-

integrated DGPS and V2V range and bearing observations. Both the centralized processing

and decentralized processing strategies were discussed for V2V relative navigation applica-

tions, which was also demonstrated using real world GPS, UWB range and simulated bearing

measurements. However, e�orts only has been made for code DGPS based multi-baseline

estimation, which showed limitation in estimating the systematic errors of the UWB range

measurements. This chapter extends the DGPS processing to include the GPS carrier phase

observations. The methodologies of centralized and decentralized carrier phase RTK based

multi-baseline estimation will be presented, with results on algorithm demonstration using

the V2V data sets described in Chapter 4.

6.1 Carrier Phase RTK Integrated with UWB Range

This section presents the methodology and results of carrier phase RTK based multi-baseline

estimation and the integration with UWB range measurements. The bene�t of UWB range

measurements on carrier phase RTK 
oat solution and ambiguity �xing is discussed. In

addition, the estimation of the UWB range systematic errors along with the carrier phase

RTK solution is also discussed.

6.1.1 Methodology

As stated in Chapter 2, the UWB systematic range errors are assessed and shown at the

order of a few centimetres up to about thirty centimetres, which thus requires few decimetre
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or centimetre level positioning accuracy to estimate them with su�cient precision to allow

UWB ranges to be able to contribute to a carrier-phase quality (i.e. centimetre to decimetre)

baseline estimate. This subsection addresses the problem of estimating the UWB systematic

errors more precisely with the assistance of carrier phase RTK high accuracy positioning,

using the implemented integration algorithm as described in Chapter 3. In this case, takeing

the previous three-vehicle network for example, the state vector of the centralized multi-

baseline estimation EKF on the Lead vehicle x1 is given by

x1 = [x12 x13]T

=
h
x

0

1 bu;12 ku;12 bu;13 ku;13 �N12;m�1 �N13;m�1

iT
(6.1)

where

x
0

1 =
h
~b12 ~v12 �dt12 � _dt12 ~b13 ~v13 �dt13 � _dt13

i
(6.2)

Note only the state vector is presented here to address the estimation of UWB systematic

errors along with carrier phase RTK solution with ambiguity states. The details of the

integration and estimation algorithm can refer to Chapter 3 and Chapter 4.

6.1.2 Float solution and UWB error estimation results

This section focuses on presenting the results obtained from the centralized processing of

SD GPS observations including carrier phase with UWB ranges for relative V2V navigation.

The objective of the tests in this section is three-fold. Firstly, the V2V relative positioning

accuracy is assessed with the addition of GPS carrier phase observations and the potential

improvement and cost over the corresponding pseudorange DGPS solution is also addressed.

Secondly, the ability to estimate UWB bias and scale factor errors on-the-
y is demonstrat-

ed with the achievable high positioning accuracy of carrier phase based DGPS processing

(i.e. carrier phase RTK) typically a few centimetres when the carrier phase ambiguities are

correctly �xed. Finally, once the bias and scale factor errors are well-estimated with high

con�dence, the capability of precise UWB ranges to facilitate GPS carrier phase RTK in
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Table 6.1: Parameters used for GPS carrier phase RTK based multi-baseline V2V data
processing

Parameters Values
GPS zenith pseudorange std. 1.0 m

GPS zenith Doppler std. 0.1 Hz
GPS zenith carrier phase std. 0.02 cycles

UWB range std. 0.5 m
System dynamic model (velocity random walk) [1:0 1:0 0:5]T m=s=s=

p
Hz

F-test ratio threshold 2
Success rate threshold 99.5%

terms of ambiguity resolution performance and positioning accuracy in challenged environ-

ments. The key parameters used for the carrier phase RTK processing in this chapter are

shown in Table 6.1 below.

V2V data set #2 results

Recall that the V2V data set #2 is collected from an open sky test with three vehicles

involved. As such, there are two UWB ranging pairs were used in the test, i.e. from the

Lead vehicle (V 1, equipped with UWB 6) to the other two rover vehicles (V 2 and V 3,

equipped with UWB 9 and UWB 7 respectively). The raw UWB range errors are �rstly

assessed by comparing the raw UWB ranges with the reference range that was calculated

using the reference trajectories that are accurate to a few centimetres. The bias and scale

factor are characterized via using a best linear �t of the raw UWB range errors that are less

than 1 m, since the raw range errors larger than 1 m are deemed as clear blunders. The

results for each UWB ranging pair are shown in Figure 6.1 and Figure 6.2 respectively. The

upper plot of each �gure shows the raw UWB range errors along with time for the entire

test. There are a few blunders (up to several metres) in addition to a typical 50 cm accuracy,

which may result from non-LOS conditions since there happened the vehicles cannot see each

other in short intervals duel to road crown. The lower plot of each �gure shows the raw UWB

range errors against the reference range, which demonstrates the e�ective UWB ranging up
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Figure 6.1: UWB 9 raw range errors: versus time (upper); versus reference distance and
with liner �t to the raw range errors(lower)

Figure 6.2: UWB 7 raw range errors: versus time (upper); versus reference distance and
with liner �t to the raw range errors(lower)
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to more than 300 m. The post-processing linear �t of these errors show a clear pattern of

bias and scale factor errors. The scale factors of these two UWB ranging pairs are all round

2000 ppm, while the biases di�er by about 10 cm but the absolute values are in the range of

no more than 30 cm.

Having assessed the raw UWB range errors, these raw UWB ranges are integrated with

the carrier phase RTK solution estimating their individual bias and scale factor in the naviga-

tion EKF. Figure 6.3 shows the Baseline12 estimation errors of the RTK only 
oat solution

and the RTK+UWB solution for the �rst 10 minutes (along/across-track formation in ve-

hicle dynamics) of the entire data set. Note that an elevation mask of 40o over the Lead

vehicle is simulated by removing the observations of the satellites below the elevation mask

starting in the middle of the data set. In this case, only the observations obtained from the

four satellites above the elevation mask are used in the �lter in the rest of the period. As can

be seen, both the along-track and across-track errors are typical 5 to 10 cm in the open sky

environment after the convergence of the carrier phase 
oat solution. The bene�t of UWB

range to the across-track estimation accuracy is negligible, but the advantages in improving

the along-track estimation accuracy are in two-fold: on the one hand, the RTK+UWB so-

lution converges faster as shown in the �rst 100 seconds of along-track error result; on the

other hand, the RTK+UWB solution improves the along-track accuracy by a few centimetres

after the 40o elevation mask applied (left with only 4 satellites are usable). Therefore, in

terms of relative positioning accuracy, the utilization of additional UWB ranges bene�ts the

along-track component more than the across-track component, which has been demonstrated

in Chapter 3 as well.

Figures 6.4 and 6.5 show the bias and scale factor estimates of each UWB ranging pair

based on carrier phase RTK solution, respectively. It is pointed out in MacGougan (2009)

that initial moving between the UWB ranging pairs is necessary to allow the bias and scale

factor errors to be observed and estimated distinctly. As the two vehicles start moving at
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Figure 6.3: Baseline12 estimation errors of RTK only and RTK+UWB solutions with a 40o

elevation mask applied in the middle of the processing

the very beginning of this test, it is shown that the bias and scale factor estimates converge

after a few minutes for both pairs. The initial value of the bias is set zero and that of the

scale factor is set one both with large initial variance. As a result, the bias and scale factor

estimates both agree well with the post-processed linear �t values to some extent, and are

well bounded.

The accuracy of the bias and scale factor estimates are also demonstrated in Figure 6.6

by comparing the raw range errors with the errors obtained from correcting the raw range

with the bias and scale factor values estimated in the �lter. Both errors are calculated

from di�erencing with the same reference range derived from the reference trajectories. The

removal of the bias is demonstrated to be e�ective since the errors with �lter correction

clearly has zero mean, while the mean of the raw range errors is not zero, as shown in the

�gure. There is still remaining scale factor error residuals in the errors after applying �lter
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Figure 6.4: Systematic error estimates of UWB 9 based on the carrier phase DGPS 
oat
solution: bias estimate (left); scale factor estimate (right)

Figure 6.5: Systematic error estimates of UWB 7 based on the carrier phase DGPS 
oat
solution: bias estimate (left); scale factor estimate (right)
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Figure 6.6: UWB 7 and UWB 9 raw range errors and range errors after correcting for bias
and scale factor estimated in the �lter

corrections, resulting in an overall about 25 cm standard deviation. This may due to the

sparse range availability at long distance, e.g. more than 300 m.

It is shown the presence of clear UWB range blunders from a few meters to more than 10

metres in Figures 6.1 and 6.2. The integration �lter performs well in the blunder detection

as shown by Figure 6.7 where the reference range and UWB range with blunders rejected are

plotted together. Note that there are epochs when the two UWB ranges were all rejected.
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Figure 6.7: UWB 7 and UWB 9 ranges with their individual reference range and their
individual blunders rejected in the �lter

V2V data set #1 results

This subsection extends the data processing and results analysis to the GPS signal challenged

environments including the partial urban and residential areas of interest.

Instead of processing the entire data set, only the results of the 5 minutes of data from

GPS time 502800 to 503100 are presented to show the integration system performance since

this period of data was collected going through a partial urban (Foothills Hospital) area and

a residential area. Figure 6.8 shows the number of SD carrier phase observations used to

estimate each baseline and the number of UWB ranges used. There are two gaps of about

10 seconds where the carrier phase tracking of only 1 to 3 satellites can be maintained due
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to signal blockage or degradation of other satellites. The corresponding relative positioning

results are shown in Figure 6.9. The most signi�cant bene�t of adding UWB ranges are

shown by the faster convergence to centimetre level accuracy in both the along-track and

across-track components after reacquiring and tracking the carrier phase of the lost satellites

again, especially in improving the along-track component.

During this period, although there are gaps when the positioning solution accuracy de-

grades to a few decimetre or metre level, the bias and scale factor of each UWB are still

e�ectively estimated as shown in Figure 6.10, although there are 
uctuations during the �rst

100 seconds of initialization stage. After convergence, the bias and scale factor estimates

of the UWB 9 are more close to the linear �t values. Table 6.2 shows the Baseline12 esti-

mation statics of the RTK only and RTK+UWB solution for this short 5 minutes of data.

The addition of UWB ranges reduces about 10 cm on the absolute of the maximum error of

both components, and overall improves the along-track RMS accuracy by about 10 cm (50%

improvement) as expected.

Table 6.2: Baseline12 estimation error statistics of the carrier phase RTK solution with or
without the UWB ranges augmentation in the residential area corresponding to Figure 6.9

Solutions Across-track (m) Along-track (m)
Min Max Mean RMS Min Max Mean RMS

RTK only -1.51 0.74 -0.07 0.27 -0.71 0.28 0.00 0.19
RTK + UWB -1.39 0.74 -0.07 0.24 -0.62 0.18 0.01 0.10
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Figure 6.8: The number of SD carrier phase observations over each baseline and the number
of UWB ranges used in the �lter during the processing in the residential area

Figure 6.9: Baseline12 estimation errors result from the carrier phase RTK 
oat solution
with or without the UWB ranges augmentation in the residential area
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Figure 6.10: The bias and scale factor of UWB 9 and UWB 8 estimated in the �lter and
the corresponding liner �t values

6.1.3 Ambiguity �xing with UWB ranges

By examining the �rst 50 seconds of results shown in Figure 6.9, it is found that nearly no

bene�t has been obtained from adding the UWB ranges to the RTK solution. The reason

is that there is only one additional UWB range over each baseline to augment the DGPS

estimation of that baseline. In addition, the impact of the single UWB range on improving

the baseline estimation is marginal when the two receivers have a favorable satellites observ-

ability, indicating that the UWB range accuracy is no better than that of the GPS baseline

estimate. As such, it is expected that also no bene�t would be achieved for ambiguity �xing

during that period with the additional UWB range. In order to demonstrate the bene�t of

the only one additional UWB range over each baseline for ambiguity �xing, a short segment

of data around the second \gap" of satellites geometry between GPS time 502950 to 503100,

as shown in Figure 6.8, is processed and the results are presented below. This segment of
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data is selected due to the fact that the 
oat solution is improved by the additional UWB

ranges, which provides the expectation that the ambiguity �xing would also bene�t.

The LAMBDA method, introduced in Section 2.1.3, was applied to the carrier phase


oat solution epoch wise (i.e. epoch-by-epoch) to try to �x the DD 
oat ambiguities, and

the F-test ratio (calculated using equations 2.57 and 2.58 and a threshold of 2.0 is used

here) and the success rate (calculated using equation 2.53 and a threshold of 99.5% is used

here) was utilized to validate if a correct �xing has been achieved or not. Figure 6.11 shows

these two ambiguity validation metrics of the carrier phase RTK solution and RTK+UWB

solution for a short segmentation of data in the residential area. During the initialization

stage with good satellite geometry, the impact of UWB ranges is negligible. After the data

\gap", the RTK+UWB solution converges faster than the RTK only solution as shown by

the ascending rate of the SR of these two solutions around the GPS time 503000. Although

the F-test ratios of these two solutions pass the threshold both very quickly, the SR of the

RTK+UWB solution passes the threshold 10 seconds ahead of the RTK only solution, which

means 10 seconds less time to �rst �x the ambiguities for the RTK+UWB solution. In

addition, the F-test ratios of the RTK+UWB solution are larger than that of the RTK only

solution for most of the time, which indicates stronger con�dence in the �xed ambiguities.

For each epoch that the ambiguities are validated with correct �xing, the �xed solution

is thus calculated using equation 2.59. The �xed solutions of the baseline and the UWB

bias and scale factors are shown for examples both with its corresponding 
oat solution

in Figure 6.12 and Figure 6.13 respectively. The �xed baseline solution has an accuracy

of within 5 cm comparing with the overall decimetre level accuracy of the 
oat baseline

solution. By comparing with the RTK only solution, RTK+UWB solution provides 6 more

epochs of correct ambiguity �xing in the GPS challenged environment around the GPS time

323000. The �xed solution of the UWB 8 bias and scale factor has little di�erence with the

corresponding 
oat solution when the satellite geometry is favorable, as shown by the results
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Figure 6.11: Ambiguity validation metrics of the RTK solution with or without UWB ranges
in the residential area

of the initial 40 seconds and the last 50 seconds. During the middle 50 seconds, when the 
oat

baseline solution overall provides degraded positioning accuracy, there is more con�dence in

the �xed solution of the bias and scale factor based on the few centimetres accuracy of the

�xed baseline solution.

Note that one single sample case cannot fully investigate the bene�t of the additional

UWB ranges on carrier phase ambiguity resolution in terms of statistical sense. Thus, more

data runs with partial GPS outage or weak GPS signal enrionment are recommended to

address the bene�t of additional precise UWB ranges on GPS carrier phase ambiguity reso-

lution in terms of time-to-�rst-�x, percentage of correct �xing, and percentage of incorrect

�xing.
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Figure 6.12: Baseline12 estimation errors of the carrier phase ambiguity �xed solutions in
the residential area

Figure 6.13: UWB 8 bias and scale factor estimates from both the 
oat and �xed solutions
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6.2 Decentralized Carrier Phase RTK Multi-baseline Estimation

The decentralized code DGPS based multi-baseline estimation has been described in the

Chapter 5 in detail. This section presents the methodology of decentralized carrier phase

RTK multi-baseline estimation, especially the approach to perform information fusion at

the global fusion �lter on each vehicle when there are uncommon ambiguity states on the

dependent baseline.

6.2.1 Methodology

This section presents the methodology of decentralized carrier phase RTK based multi-

baseline estimation, which follows the developed �ltering architecture that was described in

Section 5.3.2. Speci�cally, the operations at the local �lter and the global fusion �lter are

presented in detail as follows.

If SD GPS carrier phase observations are used in the local �lter, then the local �lter state

vector of V 1 in equation 5.23 and V 2 in equation 6.8 have to be augmented to accommodate

the SD carrier phase ambiguities and are given by

x1;a =
h
x1 � ~N1

iT
=

h
x1 � ~N12 � ~N13

iT

x2;a =
h
x2 � ~N2

iT
=

h
x2 � ~N21 � ~N23

iT

where subscript a denotes the carrier phase solution with SD carrier phase ambiguities being

estimated. The relationship in equation 5.25 also can be applied to the above two augmented

local �lter state vectors by applying an additional transformation matrix to the SD carrier

phase ambiguity states. This matrix, denoted as T 1
2;�N , has the same form as the baseline

transformation matrix T 1
2 in equation 5.26 but di�ers in the dimension of the block identity

matrix. Therefore, the augmented baseline transformation when utilizing the SD carrier
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phase observations is given by

x1j2;a =

2

64
T 1

2 0

0 T 1
2;�N

3

75 x2;a (6.3)

where x1j2;a is the mathematically equivalent estimate of x1;a from transforming x2;a.

Taking the example shown in Figure 5.2, and considering the case using SD GPS obser-

vations including carrier phase, the local �lter state vector of V 2 is given by

x2;a =
�
x2 �N1

21 : : : �N4
21 �N1

23 : : : �N4
23 �N5

23
�T (6.4)

while the local �lter state vector of V 1 is given by

x1;a =
�
x1 �N1

12 : : : �N4
12 �N1

13 : : : �N4
13

�T (6.5)

In this case, due to the presence of the additional observation from PRN 5 on V 2, V 1’s

global �lter wants to perform the fusion operation using equations 5.28 to 5.31. Note that

here the involved two local state vectors are denoted di�erently as x0

2;a and x1;aj2;a due to the

inclusion of carrier phase observations. There is a problem that x0

2;a (has the same form as

x2;a) has one more state than x1;a and the direct transformation is not feasible. Therefore,

one way to solve this problem is to extract only the states transformable to the states in

x1;a from x0

2;a, and then perform the global fusion according to the above general steps. This

approach also applies to the corresponding covariance matrix. The drawback is the loss of

the information provided by the correlation between the PRN 5 carrier phase ambiguity state

and the other baseline states for the global estimate of V 1. In order to keep the equivalence

to the centralized estimate, assuming that V 1 knows that V 2 has better information on the

vehicles’s relative baseline estimates since V 2 observes more satellites, then the global fusion

�lter estimate on V 1 can be initialized as

x1;a =

2

66664

T 1
2 0 0

0 T 1
2;�N 0

0 0 1

3

77775
x2;a (6.6)
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and

P1;a =

2

66664

T 1
2 0 0

0 T 1
2;�N 0

0 0 1

3

77775
P2;a

2

66664

T 1
2 0 0

0 T 1
2;�N 0

0 0 1

3

77775

T

(6.7)

where x2;a and P2;a are the global state vector and covariance matrix on V 2 and has the same

form as its corresponding local �lter state vector x2;a and covariance matrix P2;a, respectively.

The purpose here is to \carry" or preserve the SD ambiguity state in the global �lter state

vector of V 1 even if V 2 does not directly observe that satellite, in order to maintain the

information that can be derived from the correlation between this extra ambiguity and the

other states.

Similarly, if V 2 has access to local UWB range measurements and local bearing mea-

surements, the local �lter state vector of V 2 di�ers from that of V 1 shown by equation

5.23 in having a few additional nuisance states (i.e. systematic error states for UWB range

and a vehicle azimuth state for bearing measurement) that have to be estimated. Without

incorporating the SD GPS carrier phase ambiguity states for simplicity, the local �lter state

vector of V 2 has the form

x2 = [x21 x23]T

=
h
~b21 ~v21 �dt21 � _dt21 ~b23 ~v23 �dt23 � _dt23 bu;23 ku;23 �2

iT
(6.8)

The approach on how to deal with the additional SD carrier phase ambiguity of the inde-

pendent carrier phase observation over the dependent baseline above can be generalized and

applied to these three nuisance states (i.e. bu;23; ku;23; �2 ) as well.

6.2.2 Experimental validation results

This section presents the results from the same data sets of which the centralized results were

presented in the previous section, but extends the data processing and results analysis from

the perspective of the Lead vehicle to all the other vehicles in the network. The emphasis is
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to discuss the potential advantage of cooperation that vehicles share information among the

network in terms of relative positioning performance.

Being di�erent to the pseudorange case, there are additional nuisance states, i.e. the SD

carrier phase ambiguities, has to be considered when one vehicle wants to fuse the information

from the independent observations over its dependent baselines that being the carrier phase

observations. The optimal way is discussed in Section 5.3.2. Figure 6.14 demonstrated this

approach by shown the di�erence between the estimate of each �lter on V 2 and the global

estimate of V 1. In this short data segment, four satellites were manually removed only from

V 20s view, originally the three vehicles were observing the same set of satellites. Relatively

large di�erence is found between V 20s local estimate and V 10s global estimate, which is

expected and straightforward as less observations were used to update the local �lter of V 2.

If the global estimate of V 1 is predicted and shared with V 2, and V 2 updates its local �lter

based on V 10s global prediction, the resulting local estimate of V 1 is almost identical to V 10s

global estimate except the few converging epochs at the beginning, as shown by the blue plots

in the �gure. This is due to that even though V 2 has four less carrier phase observations, it

still has enough number of carrier phase observations to provide the same level positioning

accuracy after convergence as the case it has all available carrier phase observations without

rejection. Further, if V 20s global �lter is able to fuse its own local estimate (the one based

on V 10s global prediction) with V 10s local estimate, identical results to the global estimate

of V 1 can be obtained in V 20s global �lter, as shown by the \zero" green line in the �gure,

which demonstrates successful information fusion with the SD carrier phase ambiguity states

of the independent observations over its dependent baselines are properly dealt with.

Another interesting thing worth mentioning is that the relatively large di�erence between

V 20s local estimate and V 10s global estimate, as shown by the red plots in the above �gure,

does not necessarily mean V 20s local estimate provides worse positioning results, which can

be seen in Figure 6.15 where V 20s local �lter is comparing with V 10s global �lter. Actually,
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Figure 6.14: Demonstration of successful fusion with carrier phase observations in terms of
the di�erence between the estimates of V 2 and the estimate of V 10s global �lter

for this two-baseline estimation processing, less SD GPS observations used in V 20s local

�lter not only indicates less information available but also less SD carrier phase ambiguity

states. The reduced number of ambiguity states however bene�ts the convergence of V 20s

local �lter. As such, this result shows the advantage of the fully decentralized processing over

the full order decentralized processing or the centralized processing without losing accuracy

in the case of carrier phase processing with fairly good satellite geometry.
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Figure 6.15: The faster convergence of V 20s local estimate than that of V 10s global �lter

6.3 Summary

This chapter presented the methodologies and results of centralized and decentralized carrier

phase RTK and UWB range integrated multi-baseline estimation for V2V relative position-

ing. The centralized �ltering results demonstrated the e�ective estimation of the systematic

UWB range errors taking advantage of the high accuracy positioning capability of the GPS

carrier phase RTK solution, and on the other hand demonstrated the bene�t of additional

UWB ranges on the carrier phase RTK solution. The full-order decentralized �ltering with

information fusion demonstrated the successful fusion of the decentralized estimates that

have di�erent ambiguity states.
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Chapter 7

Conclusions and Recommendations

This thesis work contributes to the development and demonstration of a V2X cooperative

navigation system using DGPS augmented by V2I and V2V UWB range data and simulat-

ed V2V bearing data in a tight-integration approach. The goal is to evaluate the relative

positioning capability of using DGPS only and potential enhancement of augmenting DGPS

with V2X UWB range in a cooperative manner for V2X applications. In order to ful�ll

this objective, a practical V2X relative positioning system was built using commercial GPS

devices and UWB ranging radios. A new e�ective scheme of GPS time tagging the UWB

ranges was designed to make this thesis work feasible in data collection and processing. A

multi-vehicle V2V relative navigation algorithm was developed utilizing a multi-baseline es-

timation approach and implemented in a centralized �lter. Further, based on the centralized

�lter, a full-order decentralized �lter with post estimation information fusion was developed

for V2V cooperative navigation. These �lters are implemented in a software using the EKF

with tight-integration of DGPS, UWB and bearing data, which was then assessed using �eld

data. The primary performance metric used to evaluate this V2X cooperative navigation

system is the relative positioning accuracy with di�erent system and sensor con�gurations

under adverse or favorable GPS signal environments. The following section presents the

major �ndings followed by a section that discusses recommendations and potential future

work.

7.1 Conclusions

The relative positioning performance of this V2X system has been assessed using the data

collected from several V2X �eld tests. Overall, the addition of the V2X UWB range data
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and inter-vehicle bearing data makes the integrated solution outperforms the DGPS only

solution in various aspects. The speci�c �ndings and conclusions are outlined as follows:

� The rover vehicle positioning accuracy at the deep urban canyon intersection can be

improved with the addition of the UWB ranges depending on the deployment of the

UWB radios relative to the vehicle and thus the resulting geometry. The deployment

of three UWB ranging radios at the three corners of the square intersection provides

the best positioning results of sub-metre and metre accuracy for the horizontal and

vertical component respectively, which greatly improved the DGPS and di�erential

GLONASS combined solution of tens of metres accuracy, and the positioning bene�t

from using UWB range degrades if only two or one radios are deployed at the corners.

� The bene�t achievable from adding the UWB ranges is less at the neighborhood of the

intersection comparing to the bene�t at the intersection, since the positioning geometry

bene�t due to the deployment of the UWB ranging radios decreases as the vehicle gets

away from the intersection. According to the results and analysis of the three neigh-

borhoods of the intersection, the addition of the UWB ranges still provides substantial

positioning accuracy improvement and metre level accuracy have been observed most

of the time within 80 m from the intersection if good LOS ranging maintain is main-

tained, which is desirable and critical for vehicles approaching to the intersection and

has great potential in V2I intersection safety applications.

� The inter-vehicle UWB range and bearing data augmented pseudorange DGPS results

have shown that UWB observations provide the most e�ective relative positioning

accuracy improvement in the along-track direction while bearing data provide the most

e�ective improvement in the across-track direction. The solutions with bearing data

greatly improve the DGPS solution but are optimistic due to the bearing observations

were simulated with high accuracy. The estimation accuracy of the unknown azimuth

of the vehicle making bearing observations is found to reduce the positioning accuracy
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by decimetre. The assessment using the data collected in a typical city environment

with open sky, residential and partial urban ares show that more than 95% across-

track errors are less than 1 m (\where in lane" requirement) for both DGPS only and

DGPS+UWB solutions, and DGPS+UWB solution has more than 90% along-track

errors within 1 m outperforms that of the DGPS only solution with less than 80%,

although the UWB systematic errors are not accurately estimated.

� The tight-integration of the carrier phase RTK solution with the inter-vehicle UWB

ranges have demonstrated the ability to estimate the UWB systematic errors with

su�cient precision. In this case, the addition of the UWB ranges have been shown to

provide faster 
oat solution convergence right after GPS undergoing severe blockages

comparing to the DGPS only solution, and thus bene�ts the time to �x carrier phase

ambiguities. The overall relative positioning accuracy achievable of the carrier phase

RTK solution is a few decimetres, and the �xed solution has centimetre accuracy is

limited on the percentage of �xing.

� The full-order decentralized estimate on each vehicle can be fused with the estimate

of other vehicles to achieve the centralized equivalent estimate, even if these estimates

have di�erent nuisance error states (including UWB systematic errors and carrier phase

ambiguities), by fully taking account of the correlation in the observations and states

covariance, which has been demonstrated using GPS data and UWB range data col-

lected in three-vehicle V2V �eld tests. In other cases if some of the correlation between

the nuisance error states and the position states is ignored, the vehicle that has access

to fewer observations can still also bene�t from the cooperation via fusing the estimate

of another vehicle that has a better solution.

� The integration algorithm of GPS and V2X range and bearing measurements for V2X

positioning applications has been developed and demonstrated with practical UWB

ranging radios and simulated bearing measurements. Furthermore, the algorithm can

157



be generalized to accommodate with other typical sensing systems that are capable of

providing range and bearing measurements.

7.2 Recommendations

Based on the development of the V2X cooperative navigation system and the demonstration

with experimental results and analysis, there are few recommendations and possibly future

work listed below:

� Investigation of using a practical inter-vehicle bearing sensor. According to the results

in this work, the simulated bearing measurements bene�t the V2V relative positioning

very e�ectively. The feasibility and actual impact of a practical bearing sensor has

to be investigated with considerations on bearing sensor deployment, lever arm e�ect,

and the actual achievable measurement accuracy.

� Assessment of the performance of V2X relative positioning using multiple GNSS sys-

tems. The trend of using GNSS for positioning and navigation is to consider other

GNSS systems together with GPS for increasing the satellite availability and signal

diversity in order to improve performance.

� Further demonstration of V2V relative positioning performance with larger relative

dynamics. This is desired to assess the ability of V2V system to respond to emergency

situations, e.g. sudden acceleration or stopping caused possible collision, which requires

quite good prediction of rapid relative position changes.

� Investigation on the EKF tuning for various quality levels of sensor observations and

their fusion. For example, a more sophisticated model could be considered for GPS

observation weighting to accommodate large errors and noise in adverse environments.

� More testing on the improvement of GNSS ambiguity resolution performance when

augmented by range and bearing sensors. Since this e�ect is not the focus of this
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thesis, there is only a single case of demonstration. In order to make statistical sense,

more testing is necessary.

� Further development on demonstrating the relative positioning performance of a ful-

ly decentralized estimation. The advantages of distributed computing and less com-

munication are appealing if the accuracy degradation due to full decentralization is

acceptable in some applications.

� Investigation of the developed algorithms with larger vehicular networks. Typical

tra�c condition will involve more than three vehicles and the generalization of the

developed algorithms has to be addressed in terms of computation load, information


ow and so on.

� Development of the V2X system in real time applications. The impact of asynchronous

or lost observations due to communication malfunction needs to be assessed.
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