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Abstract

In the modern traffic system, road traffic accidents and congestion have

been the most critical problems which have caused a large number of

deaths and economic damage. ITS (intelligent traffic system) based on

vehicular communications is one of the effective approaches to avoid

vehicle collisions and increase the efficiency of traffic. GPS (global posi-

tioning system) is one of the widely used navigation systems for vehicles

in ITS. However, the performance of GPS can be affected remarkably by

various factors. As a result of this, it is necessary to evaluate the reliabil-

ity of GPS observation to increase the safety of road users. Furthermore,

for the challenging environment such as GPS-denied environment, mul-

tisensor navigation is expected to be used to improve the robustness and

continuity of the positioning system. Additionally, selecting sensors to be

fused according to their reliability is an effective method to mitigate the

negative influence of sensors caused by challenging traffic environments.

In this thesis, a spatio-temporal roundabout and crossroad ITM algo-

rithm has been developed, defining the confidence circle based on the

reliability of GPS observation. The simulation results illustrate that the

proposed ITM protocol improves safety level and traffic efficiency sig-

nificantly. Secondly, a GPS/IMU integration positioning system is pro-

posed, which uses ICC (intraclass correlation coefficient) as a reliability

factor to mitigate positioning errors of GPS. The experiments results

show that positioning errors are reduced by applying ICC. And further

improvement of positioning is achieved by integrating IMU measure-

ments and optimised GPS measurements. Finally, a three-sensor-based

multisensor navigation system is designed, which utilises reliability eval-

uation to detect and select optional fusion modes. As the field trial

results show, the robustness and accuracy of positioning under challeng-

ing traffic environments can be improved significantly by applying the

proposed multisensor navigation system.
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Chapter 1

Introduction

1.1 Introduction

Traffic safety is the top priority concerned in traffic management. According to the

annual report of road casualties in Great Britain published by the department for

transport, vehicle accidents continue to be the major contributor to casualties of all

severities [18]. Statistics related to road traffic safety have been presented by the

Figure 1.1: Number of road traffic deaths: 2000-2016 [1]

WHO (world health organization) global status report on road safety. Figure 1.1

presents the number of road traffic deaths from the beginning of the 21st Century

to 2018. It is easy to see that the deaths caused by road traffic accidents are keeping

increasing. Globally, driver/passengers of 4 wheeled vehicles account for the largest

occupation of road user types in traffic deaths, which is illustrated in Figure 1.2.
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1.1 Introduction

Based on this data, it is necessary and significant to pay more attention to technolo-

gies related to vehicle collision avoidance. The application of these technologies and

schemes can reduce the deaths, economic damages losses and other negative results

caused by vehicle accidents.

Figure 1.2: Distribution of deaths by road user type by WHO Region [1]

On the other hand, with the dramatically increasing number of total vehicles in

the world, traffic jam has also been one of the most critical problems for the modern

traffic system. The department of transport predicts that the traffic levels will grow

up to 55% by the end of 2040 which will contribute to up to 85% of congestion

levels growth at the same time [19]. It has been estimated that traffic congestion

costs approximately £37.7 billion per year in the UK, which means each driver cost

£1168.23 per year on average [19]. The direct and indirect costs of congestion for

UK drivers are listed in Table 1.1. What is more, approximately 31 hours per year

are wasted during rush hour for drivers in England and Wales [20]. Traffic jam

could lead to not only huge economic cost and time wasting but also human safety

problems. The congestion can contribute to higher risk of crashes by the propagation

of ’shock wave’ which is a phenomenon where majority of vehicles brake in traffic

stream [21]. To be noticed, COVID-19 pandemic provides a significant impact on all

traffic statistics after 2020, so the data for vehicle accidents and traffic congestion

focus on years before 2020 more.

Intelligent traffic system (ITS) based on autonomous vehicles and vehicular com-

2



1.1 Introduction

Table 1.1: Direct and indirect costs of congestion for UK drivers in 2017 [15]
Cost of congestion Amount
Average direct cost per driver/car £1046.66
Average indirect cost per driver/car £121.57
Average total cost £1168.23
Number of cars in the UK 32,302,800
Total cost for the UK £37,737,255,732.50

munication have become one of the most potential research areas to deal with the

problems caused by accidents and traffic jam. According to the reports and scientific

studies in [22] [1] [18] [23] [24], the main cause of road accidents is linked to human

error (approximately 85.2%) such as failing to observe properly and misjudging the

distance. Vehicle-to-vehicle (V2V) communication provides an implementation of

mutual acknowledgement between vehicles within the network which is the concept

of ’connected vehicles’ [25]. Based on the wireless access in vehicular environments

(WAVE) protocol, basic information of vehicles including position, velocity, and ac-

celeration can be shared within the vehicular network which could reduce the number

of accidents. And with the further implementation of vehicle-to-infrastructure (V2I)

communication and vehicle-to-anything (V2X) communications, the basic safety

messages can be shared and processed within the whole vehicular network. By

utilizing the shared information of each user within the vehicular network, an in-

telligent traffic system can be built up, which could lead to macroscopic control or

assistance for the traffic system. Figure 1.3 shows a concise structure picture of

vehicular network based ITS, where ’C2C’ and ’C2I’ denotes car-to-car and car-to-

infrastructure communication, respectively. Based on the benefits of ITS, the traffic

safety level and traffic efficiency should be improved significantly.

One of the key elements of an intelligent traffic system is the precise positioning of

vehicles. The most popular and common positioning system for vehicles is the global

positioning system (GPS) which is the first satellite-based navigation system [26].

There are 31 launched and operational satellites in space, which support GPS to be

one of the most completed satellite positioning system. With the signal transmitted

from at least 4 satellites, the position of the GPS receiver can be derived [27]. As a

results of this, positioning based on GPS will be affected when not sufficient satellites

are visible. The accuracy and precision of GPS positioning can also be degraded

by multiple other factors such as the Doppler effect, multipath effect, ionospheric

irregularities and signal block/fading caused by tall buildings, tree canopies and

3



1.1 Introduction

Figure 1.3: Vehicular communication network [2]

tunnels [28]. GNSS (global navigation satellite system) provides a solution for not

enough visible satellites of GPS, by integrating measurements of multiple satellite

navigation system besides GPS, for example, GALILEO from Europe, GLONASS

from Russia and BEIDOU from China [29]. In order to avoid vehicle accidents

caused by unreliable measurements of GPS within intelligent traffic system, the

real time reliability of GPS measurements for each vehicle should be computed and

shared within the network. In ITS protocol, the possibility of collisions could be

reduced by concerning GPS reliability before determining the trajectories for each

autonomous vehicle.

Multisensor data fusion is another solution to deal with GPS unreliability un-

der challenging environments, which can also provide more precise and accurate

positioning information for vehicles. Integrating sensors based on different measure

concepts is able to improve the robustness and consistency of navigation system un-

der various traffic scenarios. Several sensors which are commonly used in multisensor

positioning system includes:

• GPS or GNSS

GPS or GNSS can provide PNT (positioning, navigation and timing) informa-

tion for vehicles based on visible satellites’ measurements. Strong and sustain-

able GPS signal could be acquired under numerous scenarios, while the signal

4
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could be weak under the challenging environments such as dense urban area.

Besides estimating three-dimension positions of receivers, GPS and GNSS can

also provide time synchronization support to the multisensor system.

• IMU and INS

Inertial measurement unit (IMU) normally consists of accelerators and gyro-

scopes which provide measurements of angular velocity and specific force in

3-D, respectively. IMU measurements are based on the dead reckoning prin-

ciple which means current positions are estimated by utilizing the determined

position of the last time step [30]. Without receiving signals outside the sen-

sor, IMU would not be affected by the environment. However, the errors for

positioning of IMU are accumulated, which means it cannot provide accurate

position estimation alone for a long time. INS (inertial navigation system) is a

navigation system including IMU, computer (processor) or other sensors (such

as GPS and compass) [31]. It can produce full position and attitude solutions

by using IMU measurements.

• LiDAR

LiDAR (light detection and ranging or laser imaging, detection and ranging) is

a sensor which scans the surrounding environment using the laser. It returns

the measurements for ranges and angles between surrounding obstacles and

itself [32]. The LiDAR measurements can be used to derive positions, velocities

and attitudes for vehicles.

Due to the different features of all these sensors, the best performance scenario

for each sensor is not the same. Furthermore, measurements of sensors can be

influenced by various effects and unexpected factors. It will bring extra errors if

unreliable sensor measurements are fused for positioning. As a result of these, it is

significant to evaluate and select sensors according to the reliability of them before

data fusion, which can pick more reliable sensor combinations for fusion.

5
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1.2 Recent Scientific Findings in ITS, Safety and

Reliability of Autonomous Vehicle

In order to reduce the effects caused by traffic congestion and improve the safety level

of traffic systems, a lot of ITS protocols have been developed by researchers around

the world. [33] proposed an ITS intersection protocol using the vehicular network.

The intersection area is divided into squares with number, so the trajectories of each

vehicle can be expressed by numbers and be shared within the vehicular network.

After receiving and detecting the trajectory numbers of others, vehicles will adjust

velocity and acceleration to avoid collisions. However, the positioning information

of vehicles in this protocol is provided by GPS only and GPS signals are assumed

to be perfect, which means if GPS is unavailable or unreliable, accidents may occur

due to incorrect position information shared within the network. A safe distance

is added in front of vehicles for GPS inaccuracy in the updated protocol proposed

by [16]. The safe distance is determined based on the GPS accuracy which is listed

in Table 1.2

Table 1.2: GPS position accuracy comparison [16]
GPS Device Type Position Accuracy in meters
SA-deactivated ± 10 m
Differential GPS ± 3-5 m
Wide Area Augmentation System ± 1-3 m

Nonetheless, the details of how to derive safe distance are not provided. And

if the size of the safety buffer is fixed to all vehicles and determined based on the

general accuracy of GPS, which does not concern different quality levels of different

equipment and various factors that affect the GPS signal, the efficiency of traffic

can be affected dramatically. Researchers in [9] and [34] developed intelligent traffic

management using V2I infrastructure. The protocols are based on discrete time

and divided traffic scenarios. Driving trajectories of vehicles are transmitted from

vehicle to infrastructure for analysis. The main idea to avoid vehicle accidents is to

avoid more than one vehicle occupying the same place at the same time. According

to the simulation results shown in [9] and [34], by applying these protocols, vehicle

collisions can be prevented and traffic throughput can be increased. As for hybrid

scenarios which contain autonomous and manual vehicles, [35] uses computer vision

image analysis to detect other vehicles and traffic lights, while [36] deals with this

6



1.2 Recent Scientific Findings in ITS, Safety and Reliability of
Autonomous Vehicle

problem by occupying all possible trajectories of vehicles without V2V equipment.

Two groups of researchers explained the intersection safety service model using GPS,

V2V and HMI (human machine interface) [37] [38]. Warning messages will be sent to

drivers after detecting potential collisions by calculating and comparing the arrival

times of vehicles. However, all these protocols trust the positioning sensors 100%,

which means the reliability of sensors is not a concerned and reliability related

information for each vehicle is not shared with other users. Complex traffic scenarios

could bring significant effects on positioning sensors, for example, tall buildings can

block, fade and contribute to multipath effects on GPS signals.

There are various factors which are used to evaluate reliability. As it is explained

in [39], the MDB (marginally detectable blunder) is defined as the internal reliabil-

ity of GPS observation. MDB means the smallest blunder that can be detected by

the system and the external reliability is defined to represent the effects caused by

undetected blunders [39]. Heidi Kuusniemi and his team determined a GPS reliabil-

ity monitoring scheme based on these theories under poor GPS signal environments

including urban area and indoor environments [40]. Research in [41] defined the reli-

ability of GPS as the ability to provide the information corresponding to the reality.

Assume σ to be the standard deviation between measured and given positions, then

the reliability can be expressed by the ratio for the number of observations within

3σ against all available observations. The number of visible satellites and HDOP

(horizontal dilution of precision) are also considered as two parameters to evaluate

the reliability of satellites positioning system.

Even GPS is one of the most common and popular navigation systems, the sig-

nal can be denied, blocked or degraded dramatically under challenging environments

such as tunnels and dense urban areas. Integrating other sensors with GPS to build

up a multisensor navigation system is an effective approach to solve the problem.

The fusion of GPS and inertial navigation system (or inertial measurement unit)

has been implemented in [42], [43] and [44]. Inertial measurements can provide con-

stant estimation when the GPS signal lost tracking and multiple sensors are able

to be fused by different kinds of Kalman filter to provide more accurate positioning

information. Other than IMU, more sensors are utilized as aiding schemes, for exam-

ple, [45] and [46] applied an odometer and digital compass, respectively. Odometers

and digital compasses can provide the speed and direction of vehicles. However,

they cannot provide positioning information independently. LiDAR is used to assist
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GPS and IMU for more accurate and precise navigation in [47] and [48]. LiDAR can

provide measurements to derive position, velocity and attitude of vehicles, which is

more supportive than odometer or compass. These two algorithms fused measure-

ments from different sensors without evaluating the reliability of them first, which

may contribute to large errors if sensors are not reliable. The application envi-

ronment of LiDAR and GPS is a little different. Usually, GPS performs better in

open areas while LiDAR can collect more data when more obstacles are in the sur-

rounding environment. In order to detect unavailable sensors and switch between

suitable fusion combinations of sensors, [49] and [3] proposed detection and switch-

ing algorithms. However, the detecting and switching algorithm can be applied to

Figure 1.4: The application of LiDAR confirmation switching algorithm [3]

specific scenarios only, such as underground garages and indoor scenarios with gate

and ramp. As Figure 1.4 shows, switching algorithm proposed in [3] utilized LiDAR

to detect garage gate to confirm switch between sensors. [49] decides switching by

monitoring the strength of GPS signal. Only one sensor are evaluated or used to

confirm switching flag in these algorithm, which means the availability and reliabil-

ity of other sensors are not concerned. As the result of this, these detecting and

switching algorithm can not be used for the system with more other sensors under

other complex traffic scenarios.

8



1.3 Objectives and Contribution to Knowledge

1.3 Objectives and Contribution to Knowledge

Based on the introduction aforementioned and literature review, more accurate spe-

cific positioning is necessary for ITS and autonomous vehicles, in order to support

vehicles operate precisely and safely under complex surroundings within vehicular

network. Positions accuracy can affect the ITS and autonomous vehicles signifi-

cantly because critical decisions such as trajectory and velocity are made based on

vehicles’ positions and known positions of other vehicles. The reliability of satel-

lites measurements and other sensors can contribute to positioning optimisation and

higher precision. According to these, there are three main objectives for this research

work, which are listed with sub-objectives of them:

(1) Develop a GPS reliability applied intelligent traffic management model for round-

about and road intersections to increase traffic safety level and traffic efficiency.

• Utilize the reliability of GPS observation to evaluate GPS measurements and

determine the confidence circle of the vehicle. Inject reliability related infor-

mation in basic safety messages by using the alternative space defined by IEEE

802.11p standard.

• In order to increase the safety and efficiency of traffic, develop a spatio-

temporal intelligent traffic management algorithm using vehicular communi-

cation system for safety message sharing.

• Implement simulation for scenario consisting of roundabout and road inter-

section to compare the safety level and traffic efficiency between conventional

traffic light management, proposed ITM without confidence circle and pro-

posed ITM with confidence circle.

(2) Develop a multisensor based positioning optimisation model which fuse IMU

measurements and intraclass correlation coefficient (ICC) processed GPS measure-

ments.

• Use ICC as a reliability factor to process GPS raw measurements to increase

accuracy and precision of GPS positioning.

• Implement loosely coupled integration of IMU positioning and optimised GPS

positioning to estimate the positions of users with higher accuracy.
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• Design and implement a trolley test under challenging environments which

includes IMU and GPS receiver to evaluate the proposed positioning optimi-

sation algorithm.

(3) Develop a multisensor navigation system which includes GNSS, IMU and LiDAR.

A reliability factor based selecting and switching mode should be designed to support

multisensor system to select fusion combinations under various challenging scenarios.

• Develop a selecting and switching algorithm which can pick fusion mode with

better performance for each time step.

• In order to provide more reliable PNT information of the vehicle, implement

data fusion for measurements of GNSS, IMU and LiDAR according to the

decision of selecting mode.

• The proposed multisensor navigation system should be validated and evaluated

by simulation/field testing representing real traffic environment.

The primary and secondary objectives listed above are implemented and presented

in this thesis. The contribution to knowledge for this research work is:

• Define the confidence circle of vehicles according to satellites observation reli-

ability and develop an ITS management algorithm using vehicular network to

improve safety level and efficiency of traffic.

• Apply ICC to GPS satellite measurements for more precise positioning and

positioning optimisation of GPS/IMU navigation system.

• Apply ICC as reliability factor to GNSS/IMU/LiDAR measurements and de-

velop a selecting and switching module for multisensors navigation system to

obtain more accurate and reliable positioning information of vehicles under

challenging environment.

1.4 Thesis Outline

This thesis is organized into seven chapters.

Chapter 1 analyzes the problem state of modern traffic systems and introduces

the background of the intelligent traffic systems, vehicular networks and multisen-

sor navigation system. The motivation for developing reliable ITS management and
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multisensor integration is also explained in this chapter. Literature review which

investigates and describes the existing research achievements in the intelligent traffic

system, GPS precise positioning and multisensor data fusion is presented. The ad-

vantages and disadvantages are compared and analysed for inspiration for research

in literature review section. The objectives and contribution to knowledge of this

project are presented as well.

Chapter 2 presents background knowledge about autonomous vehicles, V2X com-

muniation, GPS positioning and sensor combination approaches. The specifications

of different coordinate frames and the transformation between them are presented

in detail. The concepts of LiDAR mechanization are also explained in Chapter 2.

Chapter 3 presents a safe and reliable spatio-temporal model for roundabouts

and crossroads using a vehicular communication system. The application of GPS

observation reliability and design of the confidence circle have been explained. The

proposed ITS management algorithm is simulated based on an open source vehicular

network traffic simulator.

Chapter 4 proposes an ICC applied positioning optimisation algorithm. The

procedure of processing GPS measurements according to the evaluation of reliabil-

ity is described. The kalman filter data fusion for IMU and GPS is explained. The

trolley test setup and experiment results are presented and analysed at the end of

this chapter.

Chapter 5 describes a multisensor navigation system which includes a reliabil-

ity based selecting and switching algorithm. Besides explaining the fusion modes

switching scheme, the pre-processing of sensor data is also presented such as the

IMU mechanization and LiDAR feature extraction. After presenting the data fu-

sion procedure, the details of the field trial are provided as well. The results of

experiments and unexpected issues are analysed.

Chapter 6 restates the main outcomes of thesis work, and concludes the key

points and contributions of the research presented in this thesis. The significance of

the work and expected future work are also provided in this chapter.

11



1.5 Publications Related to the Thesis

1.5 Publications Related to the Thesis

1. H. Li and R. Tiwari. ”Safe and Reliable Spatio-temporal Model for Round-

abouts and Road Intersections using Vehicular Communication System”, 16th

International Conference on Intelligent Transportation Systems Telecommuni-

cations (ITST), 2018, pp. 1-7, doi: 10.1109/ITST.2018.8566865.

2. H. Li, J. Yin, R. Tiwari, G. Gradoni, S. Greedy and P. Wheeler. ”GPS

Positioning Optimisation and Multisensor Fusion for Autonomous Vehicles in

Challenging Environments”, 2023 European Navigation Conference (ENC),

Accepted

3. H. Li, J. Yin, R. Tiwari, G. Gradoni, S. Greedy and P. Wheeler. ”Optimi-

sation of System and Multisensor Selection for Autonomous Vehicles in Chal-

lenging Environments”, Prepared in IET Intelligent Transport System journal

format, to be submitted in July 2023

12



Chapter 2

Background and Overview

The automation levels of autonomous vehicles are presented and explained in this

chapter. To utilize basic safety message and vehicular communications, the mes-

sages definitions and vehicular network standard are reviewed. The main sources

of errors in GNSS/GPS positioning and data exchanging format are also described

for positioning optimisation and raw data processing. As for multisensor navigation

system, the background knowledge of reference frames and LiDAR mechanization

are presented.

2.1 Autonomous Vehicle

Figure 2.1: SAE-defined automation levels, system capability and required integrity
[4]

The automation levels of vehicles have been defined by the SAE (Society of

Automotive Engineers). When vehicles are operating in a dynamic environment,
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there are 6 levels of automation in where level 0 denotes no automation and level 5

denotes full automation [17]. The vehicular automation levels, system capability and

required integrity according to SAE J3016 standard are shown in Figure 2.1. The

differences depend on whether human or system control steering and acceleration of

vehicles, which are illustrated. Level 4 and level 5 are defined as high automation

and full automation, respectively. Vehicles in level 4 and level 5 are autonomous

operated, which means they do not need any human interaction for controlling

and the operation will not fall back to the human driver when deviance occurs.

Compared with level 5, the only limitation of level 4 is the application scenario.

Autonomous vehicles in level 4 can only be operated in a specific scenario such as

campus and shipping yards, while level 5 autonomous vehicles are not limited by

driving locations [4].

Table 2.1: Summary of automation levels [17]

Level Name/Description Sustained lateral and longitudinal OEDR DDT fall-back

vehicle motion control

0 No Driving Automation Driver Driver Driver

1 Driver Assistance Driver and System Driver Driver

2 Partial Driving Automation System Driver Driver

3 Conditional Driving Automation System System Driver

4 High Driving Automation System System System

5 Full Driving Automation System System System

The comparison between automation levels is summarised in Table 2.1. OEDR

denotes object event detection and response, and DDT represents a dynamic driving

test. A dynamic driving test consists of two subjects which are sustained lateral and

longitudinal vehicle motion control and OEDR [50]. According to SAE standard,

full sustained lateral and longitudinal vehicle motion control and unconditional per-

formance of OEDR by ADS (automated driving system) are required for level 5

vehicles [17]. As a result of these, the integrity grade for level 5 is required to be

much higher than levels 2 to 4. Automation levels 2 to 5 are described in detail:

• Level 2 automation

Level 2 automation is defined as partial driving automation, which means that
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vehicles at level 2 automation get limited OEDR. The operation system of the

vehicle is not able to recognise and respond to specific events. These can only

be completed when the driver of the vehicles takes control of the system. The

automated driving system can implement sustained lateral and longitudinal

motion control tasks and will disengage immediately after receiving the request

from the drivers.

• Level 3 automation

Level 3 automation is defined as conditional driving automation, which means

the driver must take control of the vehicle under some conditions. The specific

conditions include but are not limited to: ADS sends a request for disengage-

ment, ADS starts a procedure of fall-back while the risks are evaluated as a

minimum, ADS fails to process the procedure it was trying to carry out [17].

The driver must be prepared to operate the vehicle when ADS issue an alert

to them. The alert should be triggered by ADS with sufficient time for drivers

to take charge properly.

• Level 4 automation

Level 4 automation is defined as high driving automation, which means au-

tonomous vehicles at level 4 do not need any supervision or response from

drivers when ADS is operating. The difference between level 4 and level 3

automation is that level 4 ADS can operate the fall-back procedure without

interacting with drivers. At this automation level, drivers become passengers

when the automated driving system is operating. ADS at level 4 is capable of

taking charge of the whole journey in specific scenarios, for example, a closed

loop on the university campus.

• Level 5 automation

Level 5 automation is defined as full driving automation, which represents that

the automated driving system at level 5 gets the full capability to carry out the

whole DDT and DDT fall-back procedures. There is no application scenario

limitation for level 5 autonomous vehicles. The ADS can be classified as level

5 automation only when it is capable to operate independently for all traffic

environments, especially complex challenging environments.
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2.2 Communications for Autonomous Vehicles

The communication standards and protocols of vehicular networks have been defined

by SAE [51].

2.2.1 Safety Messages within Vehicular Network

Three kinds of messages sharing within the vehicular network are defined by SAE

J2735 standard, which includes BSM (Basic Safety Messages), RAM (Roadside Alert

Messages) and PVM (Probe Vehicle Messages) [51].

Figure 2.2: Basic safety message structure [4]

The contents of these three messages are described as:

• Basic Safety Messages

BSM are primarily illustrated by the application EEBL (Emergency Electronic

Brake Lights), which are used to track neighbouring vehicles and make related

decisions. Figure 2.2 shows the construction of the basic safety message and

the size for each category. There are two parts in BSM including a compulsory
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part and an optional part. The compulsory part contains information which

needs to be sent all the time such as message ID, time tag, 3-D positions of

vehicle, motion information and control information [52]. An optional part will

be sent as required where trajectory, sensor data, and reliability information

can be injected.

• Roadside Alert Messages

RAM are utilised for various traffic information-sharing applications, especially

when informing emergency alert to nearby vehicles. RAM are usually sent from

roadside safety infrastructures and public on-board safety units to users. When

emergent situations occur such as traffic congestion, road traffic accidents and

emergency vehicles passing through, RAM will be broadcast to nearby users.

RAM can also be used to transmit control information between central control

infrastructure and vehicles.

• Probe Vehicle Messages

PVM are usually used for sharing information about traffic conditions, weather

and road surface conditions. On-board sensors and equipment can collect

relevant data of the surrounding environment, which can be shared with other

vehicles, roadside infrastructures and central controllers.

2.2.2 Vehicular Networks

According to the SAE J2735 protocol and IEEE 802.11p standard, information

within vehicular is shared over network DSRC (Dedicated Short-range Communi-

cation). There is a dedicated frequency band for DSRC, which is located at 5.9

GHZ with 75 MHz bandwidth. Compared with cellular network communications

and satellite communications, the communication range of DSRC is much shorter,

which is less than one kilometer. As Table 2.2 shows, The DSRC band is divided

into 7 channels with different power and function. where CCH and SCH denotes

Table 2.2: Available channels for DSRC
Channel 172 174 176 178 180 182 184
Channel type SCH SCH SCH CCH SCH SCH SCH
Power (dBm) 33 33 33 44.8 23 23 40
Frequency (GHz) 5.86 5.87 5.88 5.89 5.90 5.91 5.92
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control channel and service channel, respectively. The control channel gets high-

est power and carries out transmitting safety information. Each vehicle will utilize

channel 172 to share basic safety messages (BSM) with 10-20 Hz frequency. Channel

184 can support long-distance V2I (vehicle to infrastructure) communication. The

emergency information will be transmitted with high priority in channel 184 [53].

2.3 GNSS Error Sources and RINEX Files

2.3.1 Sources of Errors of GNSS

For satellite navigation system, at least 4 satellites are required to estimate the

position of receivers, 3 of which are positioning accuracy related and the other one

satellite is time synchronization related [54]. As it mentioned, because GNSS/GPS

is a LOS (line of sight) based navigation service, numerous factors can bring negative

effects on the positioning measurements of them [55]. Some of them are listed and

described below.

2.3.1.1 Multipath Effect

Multipath effect occurs when GNSS/GPS signal is reflected by obstacles such as

skyscrapers and tree canopy between satellites and receivers. As it is shown in

Figure 2.3, besides the direct line-of-sight signal transmitted by satellites, receiver

can also receive non-line-of-sight signals which are reflected by obstacles. Reflected

signals are received with effects caused by time delay and channel fading, which

can contribute to degradation of positioning and communication performance. The

errors caused by multipath effect can be up to 10 meters and can also lead to

sensitivity reduction of receivers, if multipath mitigation is not applied [56].

2.3.1.2 Satellite and Receiver Clock offsets

The clock bias caused by satellite and receiver clock offsets are one of the main

sources of errors. The positions of receivers are derived based on distance which is

computed from time and speed of light. That means even minor clock offsets can lead

to major errors in position estimation. The receiver clock bias is usually larger than

satellite clock bias due to higher precision of satellite clock and the additional clock

term in navigation message for satellite clock correction [57]. One of the effective
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Figure 2.3: Multipath effect on satellite signal [5]

approaches to mitigate satellite and receiver clock offsets is to consider them as

estimated elements in the positioning algorithm such as least square method and

kalman filter method.

2.3.1.3 Signal Blocking/Fading and Satellite Geometry

The signal strength of GNSS/GPS can be influence by barriers such as the wall

of buildings dramatically. The performance of receivers under challenging environ-

ment such as tunnel and indoor scenarios will be degraded significantly due to weak

signal. Extreme weak signal caused by blocking and fading can lead to failure for

locking satellites and dramatic inaccuracy for positioning. What is more, bad satel-

lite geometry can also increase the errors of navigation. As Figure 2.4 illustrates,

according to the navigation concepts of GNSS, bad satellites geometry can intro-

duce higher uncertainty and larger range errors, which is also known as dilution of

precision (DOP) [55]. Higher value of DOP indicates poorer satellites geometry and

less precision of positioning, in contrast, lower DOP value represents better satellites

geometry, more precision and less errors.

2.3.1.4 Tropospheric Delay

Figure 2.5 shows the layers of Earth’s atmosphere. it is easy to see that troposphere

is the lowest layer over the surface of the Earth, which extends to around 12 km.
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Figure 2.4: Area of uncertainty due to good and bad satellite geometry [6]

Figure 2.5: Layers of Earth’s atmosphere [7]
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Due to the non-dispersive property of troposphere for GPS frequencies, it can con-

tribute to significant delay for pseudorange and carrier phase measurements. The

tropospheric delay can be calculated based on the elevation angle by [58]:

td =
2.47

sinE + 0.0121
meters (2.1)

where E denotes the elevation angle.

2.3.1.5 Ionospheric Delay

According to the layers distribution in Figure 2.5, ionosphere locates between 80

km to more than 600 km over the surface of the Earth. The delay introduced

by ionosphere is from affecting signal propagation group velocity. Although there

is ionosphere delay terms in the navigation file for ionospheric delay mitigation,

ionosphere can still introduce delay at L1 frequency band of GPS when the receiver

can receive signal from dual frequency bands. The time delay caused by ionosphere

can be expressed as [59]:

ti =
f 2
2

f 2
1 − f 2

2

δ(t) (2.2)

where f1 and f2 denotes the carrier frequencies of L1 and L2 bands. δ(t) represents

the time delay between these two frequencies.

2.3.2 RINEX files

Receiver independent exchange format (RINEX) is a data exchange format which is

widely used for satellite navigation system data [60]. It was first developed for the

easy exchange of GPS data and with the version update, more and more satellite

navigation systems are involved such as GLONASS, GALILEO, BEIDOU, QZSS

and IRNSS. By utilizing RENIX files, it is convenient to post-process the received

raw data from satellites for research and further investigation.

There are three types of ASCII files for the RENIX version 3 series including

observation data file, navigation message file and meteorological data file. Every

type of RINEX file is consist of a header section and a data section [60]. There are

three basic quantities in satellites observable including time, phase and range.

• Time
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In RINEX files, the time of measurements denotes the time when the signal

is received by a receiver. It is considered identical for not only the phase and

pseudorange but also all the visible satellites at the epoch.

• Range

The measured range between the receiver antenna and the satellite antenna

is called pseudorange (PR), because it contains biases such as satellite clock

offsets, receiver clock offsets, atmospheric delays and ionospheric delays. So

the pseudorange can be expressed as:

PR = distance+ c ∗ (δt− δT )+other bias

where δt and δT denote the receiver clock offsets and the satellite clock off-

sets, respectively. c is the speed of light and distance represents the real range

between receiver and satellite.

• Phase

The phase measurements provided by RINEX files are the carrier-phase range

between receiver and satellite measured in whole cycles [60]. The estimated

distance between the satellite and the can be computed based on phase mea-

surements, carrier frequency and speed of light.

Figure 2.6: An example of Navigation data file
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Figure 2.7: An example of Observation data file

Figure 2.6 shows an example of a partial Navigation file. The header section contains

global information such as the RINEX version, satellite system and leap seconds.

The data section of the Navigation file contains details of satellites at epochs. Based

on the Navigation file data record, the positions of satellites can be calculated.

An example of the Observation file is presented in Figure 2.7. Besides the time

of first observation and antenna-related records, the navigation system and observa-

tion type are also presented, which indicate type, band and attribute information.

Following the listed system and observation type information, the data section pro-

vides observation measurements of visible satellites at each epoch, which includes

pesudorange, carrier-phase circle and signal strength. The GPS positioning optimi-

sation algorithm explained in this thesis is based on the raw measurements obtained

from RINEX files.
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2.4 Frames of Reference and Transformations

2.4.1 Frames of reference

Various frames of reference are utilized by different sensors and navigation systems.

It is necessary to transform the measurements into the same reference frame in order

to fuse the data or compare positioning differences between them. There are several

frames of reference which have been used in this project:

• WGS 84

WGS84 is also known as world geodetic system 1984, which is one of the

most popular coordinate systems around the world. The measurements of

GPS are all based on WGS 84 coordinate system [61]. The origin of WGS

84 coordinate is the mass centre of the Earth. The position in WGS 84 is

expressed by latitude, longitude and height. As it is shown in Figure 2.8, λ

and φ denotes the longitude and latitude, respectively.

• ECEF

The Earth-centred Earth-fixed coordinate system (ECEF), whici is also named

as geocentric coordinate system. Compared with WGS 84, ECEF gets the

same origin of coordinate, which is the Earth’s mass centre, but ECEF follows

Cartesian spatial system. The z axis of ECEF is the line which connects North

and South poles of the Earth. xandy axes are in the equator plane. x axis

passes through origin and connects 180° longitude and 0° longitude. y axis

passes through origin and connects 90°W longitude and 90°E longitude [62].

A demonstration of three axes of ECEF is shown in Figure 2.8

• ENU

East, North and Up (ENU) coordinate belongs to local reference frame which

is defined over a specific small area. With the set origin of local frame, the x, y

and z axis passes through origin and points toward to geodesic East, geodesic

North and 90° angle to the Earth surface, respectively [63].

• ECI

Earth-centred inertial (ECI) is also a Cartesian coordinate whose centre is the

mass centre of the Earth. z axis is perpendicular to the equatorial plane. The x
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Figure 2.8: Comparison between ECEF, WGS 84 and local frame

axis passes through the origin and points toward the celestial sphere. Celestial

sphere is determined as an abstract sphere with arbitrarily large radius and is

concentric to the Earth [64]. y axis follows right-hand coordinate system. As

a result of these, ECI coordinate does not rotate with the Earth and is usually

used to express motion of satellites of GNSS or spacecraft [65].

• Body frame

Some sensors such as IMU measurement the positioning information based on

body frame, which is expressed by yaw, pitch and roll. Figure 2.9 demonstrates

the body frame of a moving vehicle. Consider the centre of vehicle or the

centre of sensor as the origin of body frame. Yaw, pitch and roll can express

the motion attitude of vehicle.

2.4.2 Transformations between Reference Frames

For multisensor navigation systems, different sensors may provide measurements

based on different reference frames, so transformations between reference frames are

necessary for further processing of sensor measurements such as data fusion.
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Figure 2.9: Body frame

2.4.2.1 Transform from ECEF to WGS 84

In order to transform positions from ECEF coordinate to WGS 84 coordinate, the

matrix in Equation 2.3 should be used.
x

y

z

 =


(Rp + h)cos(φ)cos(λ)

(Rp + h)cos(φ)sin(λ)

[Rp(1− e2) + h]sin(φ)

 (2.3)

where λ, φ and h represents the longitude, latitude and height, respectively. And

Rp denotes the prime vertical radius of curvature.

2.4.2.2 Transformation between ENU and ECEF

There are two steps to transform from ENU coordinate to ECEF coordinate [66]:

(1) Rotate 90−φ around East axis clockwise, which can be expressed by Ra[−(π
2
−

φ)].

(2) Rotate 90+λ around z axis clockwise, which can be expressed by Rc[−(π
2
+λ)].

Then the transformation can be described as:
x

y

z

 = Rc[−(
π

2
+ λ)]Ra[−(

π

2
− φ)]


E

N

U

 (2.4)

26



2.4 Frames of Reference and Transformations

According to the definition in [67],

Ra[θ] =


1 0 0

0 cosθ sinθ

0 −sinθ cosθ

 (2.5a)

Rb[θ] =


cosθ 0 −sinθ

0 1 0

sinθ 0 cosθ

 (2.5b)

Rc[θ] =


cosθ sinθ 0

−sinθ cosθ 0

0 0 1

 (2.5c)

Then the transformation matrix can be rewritten as:

Rc[−(
π

2
+ λ)]Ra[−(

π

2
− φ)] =


−sinλ −cosλsinφ cosλcosφ

cosλ −sinλsinφ sinλcosφ

0 cosφ sinφ

 (2.6)

Based on this transformation matrix, the position expressed in local frame can be

transformed to ECEF coordinate.

The inverse transformation of Equation 2.4 can be described by [66]:


E

N

U

 = Ra[
π

2
− φ]Rc[

π

2
+ λ]


x

y

z

 (2.7)

and the transformation matrix from ECEF to ENU is presented:

Ra[
π

2
− φ]Rc[

π

2
+ λ] =


−sinλ cosλ 0

−cosλsinφ −sinλsinφ cosφ

cosλcosφ sinλcosφ sinφ

 (2.8)

2.4.2.3 Transformation between ENU and Body Frame

The transformation procedure from body frame to local frame can be regarded as

three times rotations around three axes. Assume ψ, θ and φ denotes the measure-

ments of yaw, pitch and roll, respectively. Then the transformation matrix can be
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derived by [62]:

Rlocal
body =


cosψ −sinψ 0

sinψ cosψ 0

0 0 1



1 0 0

0 cosθ −sinθ

0 sinθ cosθ



cosφ 0 sinφ

0 1 0

−sinφ 0 cosφ



=


cosψcosφ− sinψsinθsinφ −sinψcosθ cosψsinφ+ sinψsinθcosφ

sinψcosφ+ cosψsinθsinφ cosψcosθ sinψsinφ− cosψsinθcosφ

−cosθsinφ sinθ cosθcosφ


(2.9)

The transformation from local ENU frame to body frame can be implemented by

the inverse matrix of Rlocal
body .

2.4.2.4 Transformation between ECEF and ECI

As Figure 2.10 shows, because ECEF coordinate is rotating with respect to stars and

ECI is inertial coordinate, the transformation between them can be derived based on

angular velocity of Earth rotation and time. Assume ωR and t represents the Earth

rotation angular velocity and reference time, respectively. Then the transformation

matrix from ECI to ECEF coordinate can be described as:

RECEF
ECI =


cosωRt sinωRt 0

−sinωRt cosωRt 0

0 0 1

 (2.10)

In contrast, the transformation matrix from ECEF to ECI is the inverse of matrix

RECEF
ECI .

2.5 LiDAR Mechanization

LiDAR sensor repeatedly emitted pulse of light once it hit a target the sensor deter-

mines the range by measuring the transmit and return time between the target and

the sensor. In addition to range measurement, LiDAR sensor enable reading multi-

ple points within 360◦ to generate 2D measurements by using its rotation platform.

An advanced LiDAR sensor can provide 3D measurement with a vertical scanning

capability. The photo of a LiDAR and interface box is showed in Figure 5.4.

LiDAR positioning consists of feature extraction, feature mapping and relevant
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Figure 2.10: Transformation between ECI and ECEF

positioning estimation. The feature extraction is used to provide the reference navi-

gation and the lines are employed for the feature representation. Lines are the most

common and repeatable features in the urban environment. Identical line feature

from two successive circular scans can be used to provide relative positioning infor-

mation. Many line extraction algorithms have been proposed using range and angle

data from the LiDAR measurement, in this project a Least mean square approach is

used to extract the line features. The detail of line feature extraction and mapping

are explained in Section 5.2.1.

The LiDAR positioning mechanization is illustrated in Figure 2.11. The doted

dash lines are the obstacles or barriers around the LiDAR sensor. At time i LiDAR

sensor is denoted as Si, two line features are extracted denoted as Features F n and

F n+1, at time i + 1 sensor moves to Si+1 with relevant location [∆X,∆Y ] to Si.

Features F n and F n+1 are two identical line features between time i and i + 1.

Once the relevant location [∆X,∆Y ] is identified, velocity in the body frame can

be estimated based on the updated time.

To identify the relevant location [∆X,∆Y ], the range between the sensor and

the features need to be identified, Rn
i and Rn+1

i are the distance between the sensor

and the feature F n and feature F n+1 at time i, this distance can be expressed by two

perpendicular lines denoted also as Rn
i and Rn+1

i . ϕi is the angle between the sensor’s

x axis and the perpendicular line Rn
i and P n

i is the intersection point between line

Rn
i and feature F n. Two methods are capable to express the coordination of P n

i ,

if the location Si is considered as the original point, in the Cartesian coordinate
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2.5 LiDAR Mechanization

Figure 2.11: LiDAR positioning mechanization

system can be expressed as [xi, yi] and in the Polar coordinate system, it can be

denoted as [ρi, ϕi].

Meanwhile, P n
i+1 is the intersection point between identical feature Fn and per-

pendicular line Rn
i+1 with coordination [xi + 1, yi + 1] under Cartesian coordinate

and [ρi+1ϕi+1]. Since the extracted features are static line Rn
i and Rn+1

i are parallel

thus the difference between Rn
i and Rn+1

i can be expressed as ∆ρ = Rn
i+1 − Rn

i . As

Figure 2.12 presented, the coordinate [∆x,∆y] can be converted to calculate the

length of the two triangle sides.

Finally. the different coordinates [∆x,∆y]

∆ρ = cos(ϕ)∆y + sin(ϕ)∆x (2.11)

Therefore, with multiple line features extracted, the positioning equation can be
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Figure 2.12: Coordination conversion

expressed in matrix form as
ρ1i − ρ1i+1

ρ2i − ρ2i+1

...

ρni − ρni+1

 =


cos(ϕ1)sin(ϕ1)

cos(ϕ2)sin(ϕ2)
...

cos(ϕn)sin(ϕn)


∆x
∆y

 (2.12)

The azimuth can be obtained by subtracting the angle ϕi and ϕi + 1.

As Equation 2.12 presented, only 2 nonparallel line features are required to

obtain the relevant positioning. This allows LiDAR sensor to provide positioning

information under urban environments due to the sufficient line features and be-

come a positioning information source when GNSS service is lost under an urban

environment.

2.6 Summary

In this chapter, background knowledge for autonomous vehicles are presented includ-

ing comparison between different automation levels, definition of safety messages

within vehicular network and protocol of vehicular networks. The error sources of
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satellite positioning are listed and explained. The format of RINEX files and how

to extract useful information from them are also included. The definition and trans-

formation between several frames of reference including WGS 84, ECEF, ENU, ECI

and body frame are illustrated in detail. The procedure for LiDAR mechanization

are explained as well in this chapter.
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Chapter 3

Safe and Reliable Spatio-temporal

Model for Roundabouts and Road

Intersections using Vehicular

Communication System

3.1 Motivation and Problem States

Road transport is one of the most critical parts of modern transportation whose

safety level and efficiency are top priorities. A lot of research and technologies have

been taken and applied in order to implement a more safe and efficient intelligent

traffic system. There are several main problems for the development of intelligent

transport management:

• Complexity of traffic scenarios

There are various traffic scenarios such as motorways, crossroads and round-

abouts etc., which will contribute to complex combination traffic scenarios

such as back-to-back roundabouts and multiple road intersections. In mod-

ern traffic system, roundabouts and road intersections are considered a place

with a higher possibility of accidents occurring. Based on the data from [68],

within the traffic accidents occurring at the roundabout, more than 50% of

them happened because of drivers failing to observe or anticipate vehicle posi-

tions at entries/exits, or while changing lanes under complex traffic scenarios.

A macroscopic level traffic management protocol is necessary which can be

33



3.1 Motivation and Problem States

applied on these complex conditions.

• Complexity of accidents causing reasons

Besides the complexity of the traffic scenario, various factors can contribute

to vehicle accidents such as drivers failing to look properly, misjudging the

distance or speed, and being careless, reckless or in a hurry [23]. Researches

present in [69] shows that approximately 34.6% of crashes are caused by bad

weather which could influence the visibility of drivers significantly.

• Complexity of sensors

In order to implement autonomous vehicles and intelligent traffic systems,

different sensors have been applied to collect dynamic information of vehicles

and monitor the surrounding environment. However, the accuracy, precision,

availability and reliability of sensors improve the usage complexity of sensors.

Researchers from [68] and [69] proved that sharing real-time information of vehi-

cles within 1-2 kilometers via on board unit (OBU) helps avoiding vehicle accidents

dramatically. Vehicle to vehicle (V2V) and vehicle to infrastructure (V2I) commu-

nication are considered as functional solutions for the problems mentioned above,

which can implement information sharing of vehicles. Vehicles within vehicular net-

work can collect information of other users such as position, velocity and trajectory

to predict and avoid potential collisions.

In order to collect and share position information of vehicles, a lot of intelligent

traffic protocols based on V2X communication utilise GPS to determine position and

trajectory for vehicles. For example, research in [34] and [9] present ITS protocols

based on reserving positions for vehicles at discrete time nodes, while the positioning

information provided by GPS is assumed to be 100% reliable in these two studies.

However, the system safety level can be decreased dramatically if there are errors

in GPS positioning. There is another transport management protocol which is

proposed in [16]. In order to avoid potential collisions, the researchers add fixed size

safety buffer to vehicles’ position. However, if buffers are not adaptive to different

sizes of vehicles with different quality of GPS receivers, the traffic efficiency can be

affected.

GPS is one of the most popular sensors for intelligent transport management

protocol to provide positions of vehicles. However, there are lots of factors which can

influence the quality of GPS signals such as signal fading due to high-rise buildings
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and other barriers, multipath effect and insufficient visible satellites etc.. In order

to decrease the effect caused by the susceptibility of GPS positioning, it is necessary

and significant to compute the real-time reliability of the GPS signal for each vehicle

and inject this critical factor into the basic safety messages shared within vehicular

network. Vehicles can determine the most reasonable trajectory and acceleration

with the support from OBU and road infrastructure after receiving the position

information along with the GPS reliability of other users.

A specific example of a complex traffic scenario is picked to provide a more

realistic description and to be the simulation scenario. As shown in Figure 3.1, the

selected scenario is consist of a four-exit roundabout and a crossroad which locates

near Newcastle University. Figure 3.1 shows the locations where real traffic accidents

occurred within the scenario during the past 10 years. Most of the accidents occurred

at entries/exits of the roundabout and the road intersections, which can be seen on

map of Figure 3.1 obviously. According to these, roundabouts and crossroads can

slow down the traffic flow, however, they are also the positions where incidents occur

usually.

Figure 3.1: The locations of road traffic accidents occurred in chosen scenario near
Newcastle University during last 10 years, indicate severity: slight (yellow), serious
(red), fatal (black) [8]

The spatio-temporal protocol for roundabouts and road intersection present in

35



3.2 Application of GPS Reliability on Vehicular Communication

this chapter is designed for semi-autonomous and autonomous vehicles with OBU

and V2X communication devices which can implement information sharing within

the network. The intelligent traffic protocol is developed based on GPS reliability

related basic safety messages which aim to increase safety level and traffic flow

efficiency on roundabouts and junctions.

3.2 Application of GPS Reliability on Vehicular

Communication

As it was explained, GPS signal can not be trusted 100% all the time when providing

accurate position of vehicles, so the reliability of GPS should be applied to vehicular

network.

3.2.1 Reliability of GPS Observation

When computing the position information based on pesudorange measurements,

some outliers appear, for example, the errors caused by cycle slip of the pseudorange

measurements. The reliability of GPS measurements is utilised to estimate the effect

caused by outliers, which is also a vital element to evaluate the performance of GPS

in accuracy, precision and cost.

The reliability of GPS observation (such as pesudorange and carrier phase) con-

sists of internal reliability and external reliability, which reflect the ability to detect

the blunder of the system and the effect caused by undetected blunders, respec-

tively [40]. The internal reliability of GPS observation is defined as marginally

detectable blunder (MDB), which is the smallest blunder that can be detected by

the system [70]. The external reliability (ER) estimates the effect caused by blunders

which are undetected.

The least square method is used to calculate MDB and ER, which starts from

the measurement model of GPS positioning:

P k = ρk + ε (3.1)

where ε is the pseudorange measurement error, accounting for satellites clock bias,

tropospheric errors, ionospheric errors and observation errors. P k and ρk represent
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3.2 Application of GPS Reliability on Vehicular Communication

the pseudorange and geometrical range between the satellites and the GPS receiver

respectively. ρk can be calculated by:

ρk =
√

(Xk −X)2 + (Y k − Y )2 + (Zk − Z)2 + cδt (3.2)

where (Xk, Y k, Zk) and (X, Y, Z) are the positions of the kth satellite and GPS

receiver respectively, c is the speed of light and δt is the clock offset value. After

linearization, the equation of GPS positioning can be presented by:

δρ = H · δx+ ε (3.3)

where δρ is the misclosure of P k and ρk [40]. H is the Jacobian transition matrix

of the measurement model which can be expressed as [71]:

H =


ax1 ay1 az1 1

ax2 ay2 az2 1
...

...
... 1

axk ayk azk 1

 (3.4)

where k is the number of satellites and:

axk = −X
k −X

ρk
, ayk = −Y

k − Y

ρk
, azk = −Z

k − Z

ρk
(3.5)

δx is the incremental component of the state of the GPS receiver (position coordinate

and receiver clock bias), which can be computed using the least square method:

δx = (HTC−1
I H)−1HTC−1

I δρ (3.6)

where CI is the covariance matrix of measurement whose diagonal is the variance

of every pseudorange measurement. It is initialised by assuming the variance of

pseudorange measurement to 1 as follows:

CI =


1 0 · · · 0

0 1 · · · 0
...

...
. . .

...

0 0 0 1

 (3.7)
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The value of measurement variance will be updated after every iteration of least

square method. And the estimated state of GPS receiver can be updated by:

x̂ = x⃗0 + δx⃗ (3.8)

After measuring the state of the GPS receiver, in order to detect the blunders in

GPS observation, we need to estimate MDB:

MDBk =
λ0(CI)kk√
(Cr̂)kk

(3.9)

where Cr̂ can be described as:

Cr̂ = CI −H(HTC−1
I H)−1HT (3.10)

And λ0 is calculated according to the significant level α and missed detection prob-

ability β, which is also called the non-centrality parameter [40]. Assuming there

is only one blunder to be detected at one time, and the value of non-centrality

parameter can be computed by:

λ0 = n1−α0
2
+ n1−β0 (3.11)

The value of λ is 17.075, when α and β are set as 10−3 and 20% respectively [39].

And as mentioned above, the external reliability of a GPS signal defines the influence

caused by undetected blunder, which can be presented as:

ERk = −(HTC−1
I H)−1HTC−1

I MDBk (3.12)

where MDBk is a zeros column except for the kth position that contains the MDB

of the kth observation [72]. Internal reliability contributes to errors of the GPS re-

ceivers’ position which can be expressed by external reliability. The value of MDB

and ER represents the quality of GPS signal based positioning measurements. A

specific threshold for reliability should be set to evaluate and calibrate the position-

ing information. After calculating the reliability of GPS observation, measurements

with a larger reliability value than the threshold will be deleted to get a more reli-

able positioning information of vehicles. Usually, the threshold value of MDB and
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ER are determined as 0.1 and 2.5 respectively, but they will be changed according

to the number of visible satellites.

3.2.2 Accuracy Measurement

Within the vehicular network, the position of vehicles is expressed based on horizon-

tal mapping coordinate which can be transferred from the global coordinate. Easting

and northing are the two dimensions of horizontal mapping coordinate which are

used to present the position. After getting the reliable positioning information pro-

cessed based on GPS reliability, easting and northing errors can be computed to

derive the distance root mean square (DRMS) which represents the accuracy of po-

sitioning under the local frame of reference. DRMS can be calculated by equations

following, where σE and σN are the standard deviations of easting and northing

errors respectively:

DRMS =
√
σ2
E + σ2

N (3.13)

σE and σN can be predicted from the corresponding variance of pseudorange mea-

surement. The probability of DRMS is approximately 65%, which means a circle

whose radius equals to DRMS can cover 65% of all the estimated positions. The

equation of computing DRMS can be taken further, for instance, around 95% of all

estimated positions occur within the circle whose radius is equal to twice DRMS.

And the probability can be increased to 97.5% if the radio of circle trends to 3DRMS.

As it is discussed, the confidence circle of vehicles can be determined based on differ-

Figure 3.2: Estimated positions and the confidence circle of vehicle
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ent value of radius with different probabilities. If the estimated errors are assumed

to obey normal distribution, the probability density function of estimated positions

can be expressed by the left subfigure of Figure 3.2. S mentioned, with the increase

of the multiples of DRMS, the circle will cover larger percentages of all the estimated

positions. On the right subfigure of Figure 3.2, the centre of the confidence circle

represents the position of the vehicle measured by GPS. Different thresholds will be

determined as DRMS, 2DRMS, 3DRMS and 4DRMS which refer to different safety

levels, for example, the area covered by the circle with one DRMS radius is labelled

as red which means the safety level is low. The red area can only cover 65% of all

possible positions of the vehicle which means that if other vehicles drive into the

red area of the user, there will be a high probability of a collision. In other words,

if vehicles can leave a sufficient safety buffer between each other such as 3DRMS or

4DRMS circle, the safety level of traffic can be increased significantly.

3.3 Intelligent TrafficManagement for Roundabout

and Road Intersection

The communication protocol of the proposed intelligent traffic management system

utilised the alternative space in the basic safety message shared between vehicles

which are defied by Society of Automotive Engineers (SAE). The GPS reliability

related information which is discussed above is injected in the basic safety message

to be shared with vehicles and infrastructures within the network. Each vehicle

gets its confidence circles with unique sizes derived from the positioning reliability

itself. With the assistance of the proposed communication protocol, spatio-temporal

algorithm based intelligent traffic management system is developed to help vehicles

dive across the roundabout and road intersection safely and efficiently.

3.3.1 Roundabout and Road Intersection Model

The simulation model of the proposed algorithm is consist of a 4-exit roundabout and

a crossroad which is designed based on the real scenario near Newcastle University

(shown in Figure 3.1). As it is illustrated in Figure 3.3, the roundabout and crossroad

are divided into segments with the same size to represent the trajectory of the vehicle

when driving across the scenario. There is a unique number for each segment within
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the simulation traffic scenario, which means the trajectory of the vehicle can be

expressed by a sequence of numbers, for example, if a vehicle drives from upper

entrance of the roundabout to the bottom exit in Figure 3.3, the trajectory of it

inside of the roundabout should be numbers from 5 to 13. The determination of

size and numbers for segments can be changed based on the size or branches of

roundabouts and crossroad intersections.

Figure 3.3: An example of divided traffic scenario

3.3.2 Protocol of Basic Safety Message

SAE defines the format and content details of basic safety messages (BSM) shared

within the vehicular network based on IEEE 802.11p protocol, where an alternative

space for additional useful information is available. In the proposed protocol of

basic safety message, the value of DRMS and trajectory segments list are added to

provide more information to vehicles within the scenario. The content of BSM in this

study is presented in Figure 3.4, which consists of three main categories including

header, data message and CRC (cyclic redundancy check) with 8 Bytes, 32 Bytes

and 4 Bytes in size, respectively. The header contains the identification information

and GPS second. In the data message part, dynamic information (position, motion
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and control) for vehicles is included, where the position module provides latitude,

longitude and elevation, the motion module includes speed, heading, angle and

acceleration, control module contains brake information. The trajectory segment

list module provides the start and destination segments of vehicles. The value of

DRMS calculated based on the reliability of GPS observation is also injected in BSM.

Via this protocol, the position of vehicles is shared with the radius of the confidence

circle, which can be utilised to provide effective assistance to avoid collisions. The

CRC module is used to correct errors.

Figure 3.4: Content of basic safety message

As it is shown in Figure 3.3, there is a central controller (CC) to collect the

traffic information of vehicles and manage the traffic flow in the scenario. The map

of the scenario and segment information is also stored in the database of CC. If

the distance between vehicles and CC is less than the specific threshold Dt, the

vehicle will be regarded as users within the traffic scenario and will be required to

send BSM to CC. Dt is usually determined as 300 meters which is the range of

vehicular communication and the value of this threshold can be modified according

to the size of the traffic scenario. After receiving the transmitted BSM of the

vehicle, the central controller will reserve specific segments for vehicle’s trajectory

in corresponding discrete time Tt and send back safety message which contains the

appropriate driving scheme to vehicles. The driving scheme in feedback BSM will

guide the vehicle in which segments it should be in at which discrete times to avoid
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collisions with other vehicles.

When the vehicle drives out of the scenario and the distance between it and the

central controller is larger than Dt, the vehicle will stop transmitting basic safety

messages. Whilst calculating distance and time, the size of the confidence circle

will also be considered, for example, the confidence distance from vehicles to the

roundabout will be computed as the estimated distance minus 3DRMS.

3.3.3 Spatio-temporal Algorithm

In addition to GPS reliability related information being shared with each other which

includes the confidence circle, a spatio-temporal protocol linked with confidence

circle is significant to be applied. The main idea for the proposed spatio-temporal

algorithm is to avoid more than one vehicle occupying the same segment at one

discrete time.

Figure 3.5: An example of occupied segments in each step

After receiving the basic traffic message from the vehicle, the occupation matrix

Mv of vehicles based on Tt will be computed by the central controller. Based on

the dynamic information (speed, trajectory), reliability related information (radius

of confidence circle) and mapping information (size of segments), the segments list

which will be occupied at every discrete time can be derived. In Figure 3.5, a vehicle

drives from segment 4 to segment 5 (from the red point to the blue point) during t to

t+∆t. The red and blue circles represent the confidence circle of the vehicle at each

step respectively. From Figure 3.5, it is easy to see the vehicle occupies segments

3, 4 and 5 at t and segments 4, 5 and 6 at t + ∆t, which means Mv(t) = [3, 4, 5]

and Mv(t + ∆t) = [4, 5, 6]. To be noticed, vehicles cannot reserve and occupy the

segments outside their legal driving area, even the radius of their confidence circle

is larger than the road width.
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A global occupation matrix Mcc is stored and kept updated in the central con-

troller which contains the occupation information for all the vehicles within the

traffic scenario. Each vehicle within the network needs to reserve its occupation in

Mcc. After a successful reservation, CC will send updated an occupation matrix Mu

back to the vehicle which can guide the vehicle on how to drive across the scenario.

Each vehicle must adjust its dynamic actions following the information in Mu.

Set T (m) and T (n) to be the time when vehicle arrives and exits the traffic

scenario respectively. Assume ∆t is the discrete time interval for the occupation

matrix. Then the spatio-temporal algorithm applied on the central controller can

be explained by the pseudocode in Figure 3.6.

Figure 3.6: Pseudocode of trajectory reservation algorithm applied in the central
controller

As the pseudocode describes, after receiving the dynamic information of vehicles,

the central controller will try to reserve the segments for vehicles in the corresponding

time of Mcc. If the required segments are available and can be reserved successfully,

central controller will update Mcc and Mu to inform vehicles to arrive in these

segments at corresponding times. Conversely, if the required segments have been

reserved or occupied already by other vehicles, CC will updateMu to inform vehicles
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slow down or stop and reserve the latest available time for the required segments.

After this procedure, vehicles are aware of where they should be at each discrete

time node, which is able to help them drive across the complex traffic scenario safely

and efficiently.

Under the circumstance of the central controller breaking down, which means the

vehicles entering the scenario cannot receive any driving scheme after sending their

information, the on-board unit will be regarded as the controller to receive/analyse

data and process the proposed trajectory for vehicles following the spatio-temporal

algorithm. All vehicles are required to transmit/receive messages with higher fre-

quency. The intelligent traffic system will not crash until the central controller is

fixed, although the accuracy and efficiency of processing/analysing are lower in this

odd situation.

3.4 Simulation Setup and Results Analysis

The ITS model proposed in this chapter is tested based on an open-source simulator

named ISR Traffic Simulator (ISR-TFS) which is able to simulate traffic scenarios

within V2V/V2I communication environment [9]. The simulation environment is

presented in Figure 3.7. Similar to the picked road scenario presented in Figure

3.1, the simulation scenario is consist of a 4-exit roundabout and a road intersec-

tion. Each entrance and exit gets two lanes. The vehicles with different radius

of confidence circles are generated following the preset traffic influx of each enter-

ing lane. The trajectories of vehicles are created randomly by the simulator. The

size of vehicles is not concerned in the simulation and not accounted for segments

reservation.

In order to compare the safety level and traffic efficiency of different traffic man-

agements, three types of traffic management are simulated upon different traffic

influx. The intelligent transport management with confidence circle (ITMCC) ex-

plained in this chapter is compared with conventional transport management (trans-

port controlled by traffic lights) and non-reliable transport management (the same

algorithm with ITMCC but does not concern positioning reliability related infor-

mation). The radius of the confidence circle around vehicles in ITMCC equals to

3DRMS.

The traffic influx at each entering lane of the scenario is determined as 100
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3.4 Simulation Setup and Results Analysis

Figure 3.7: Simulation scenario for proposed ITM scheme [9]

cars/hour, 150 cars/hour and 200 cars/hour respectively. Within the roundabout

and crossroad combination scenario, there are 12 entering lanes (two lanes for each

entrance), so the total number of cars driving inside the simulation scenario will be

1800 per hour if the setup influx is 150 cars/hour.

The number of cars processed in each transport management system during 10

minutes are illustrated in Figure 3.8. It is obvious that the number of processed

cars in intelligent transport management with confidence circle (ITMCC) and non-

reliable intelligent transport management (ITM) is larger than that of conventional

transport management (CTM), especially when traffic influx is high (200 cars/hour

per entering lane), there are about 200 more cars processed in ITM/ITMCC than

CTM during 10 minutes period. This means that the proposed spatio-temporal

algorithm based transport management can support higher throughout than traf-

fic lights controlled management, especially during rush hour. The processed car

number difference between ITMCC and ITM is negligible. Figure 3.9 and Fig-

ure 3.10 show the total stop time and the average velocity of all processed vehicles

during the simulation period. Obviously, CTM gets a much longer stop time and

lower average velocity than those of ITMCC and ITM, which represents far lower

transport efficiency than ITM and ITMCC. With the increase of traffic volume, the
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Figure 3.8: Number of cars processed during simulation period

Figure 3.9: Total stop time of cars when driving across the simulation scenario
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Figure 3.10: Average velocity of cars when driving across the simulation scenario

CTM traffic efficiency decreases dramatically, while that of ITM and ITMCC is not

affected significantly. For the ITMCC, although the efficiency is marginally lower

than ITM because of the application of the confidence circle, it is still vastly more

efficient than CTM.

Further simulation has been done to test the safety level for ITMCC and ITM.

For ITM, which manages transport without concerning the GPS reliability infor-

mation, positioning information provided by GPS is trusted completely and the

trajectories and velocities of vehicles are decided based on the positioning with er-

rors. The errors follow the distribution which has been discussed in this chapter. For

ITMCC, same errors of GPS positioning are applied upon the decision of vehicles’

trajectories, while a confidence circle derived from reliability related information is

added around vehicle to provide a safety buffer. In the safety tests, trajectory seg-

ments are reserved based on positioning with errors, the real position of vehicles is

also provided, then the number of collisions can be counted according to the number

of one segment occupied by more than one vehicles (real positions) at the same dis-

crete time node. For example, if there are intersections between the real positions

of vehicles when they drives following the trajectories decided based on positioning

information with errors, that means collisions occur.
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3.4 Simulation Setup and Results Analysis

Figure 3.11: Number of vehicle accidents during simulation

Figure 3.12: Number of simulations with accidents (out of 10)
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Figure 3.11 and Figure 3.12 present the average number of vehicle collisions dur-

ing the testing and the number of simulations with accident (out of 10 times testing),

respectively. It is distinct that the average number of accidents and simulation with

collisions drop dramatically by concerning confidence circle. With the increase of

vehicles entering each lane, the average accidents number of ITM rises markedly and

almost all tests based on ITM come with accidents. After applying confidence circle

as safety buffer according to vehicles’ different positioning reliability, the probability

of vehicle accidents is much lower. The car accident rate for ITM is high because

ITM decides the trajectories of vehicles based on GPS positioning measurements

without evaluating reliability of them in advance. Significant difference between

real positions and GPS estimated positions can easily contribute to car collisions, if

the GPS measurements are trusted 100% by traffic management algorithm.

Overall, by sacrificing a minimal amount of traffic efficiency, the proposed ITMCC

can gain a large amount of additional safety through the incorporation of GPS reli-

ability related confidence circle. The throughput of ITMCC is remarkably improved

comparing with the conventional transport management system.

3.5 Summary

Safety should always get the first priority no matter in which traffic scenario. There

is no significance to improve the traffic efficiency only without concerning to guar-

antee the safety of users. Some ITMs ignore the reliability of GPS observation

which may contribute to absolute wrong positioning for vehicles and lead to colli-

sions. From the results and analysis in last section, it is easy to see the proposed

intelligent transport management performs much better than traffic lights controlled

conventional transport management. The key point of this work is the application

of GPS measurement reliability which is the confidence circle derived from. It helps

vehicles within the vehicular network to collect more reliable positioning information

of themselves and other users, which can improve the safety level of the whole system

significantly, although the application of confidence circles decreases the traffic effi-

ciency marginally. The proposed model is able to work not only on full autonomous

vehicles driving within roundabouts and crossroads, but also for semi-autonomous

vehicles.

Ordinary vehicles without on-board units or vehicular communication equipment
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are not involved in this proposed ITM, which will be left for future work. Secondly,

size of vehicles is not concerned in current reservation algorithm. How to determine

the shape and size of confidence buffer for different types of vehicles could be one

of the future works. Additionally, besides GPS, more sensors are expected to be

used for more accurate and precise positioning of vehicles, which can also be the

extending work for this study.
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Chapter 4

GPS Positioning Optimisation and

Multisensor Fusion for

Autonomous Vehicle in Urban

Environment

The PNT (position, navigation and timing) information shared within a vehicular

network is critical for collision avoidance and intelligent traffic management. Various

methods and algorithms have been developed for more accurate PNT solutions.

Multisensor data fusion is an significant approach to increase the accuracy and

precision of vehicle PNT solution. Multiple sensors are placed on-board in order to

collect more useful information of vehicles during driving. However, the reliability

and consistency of sensors can be affected dramatically by numerous elements es-

pecially when vehicles are driving under challenging environmental conditions and

circumstances. For example, GPS signal can be influenced significantly in urban

environments with high-rise buildings, tree canopies, tunnels etc.. Fusing unreliable

sensor data could contribute to worse positioning results. As a result of this, it is

critical to evaluate the reliability and consistency of sensors before fusing data to

compute a PNT solution.

ICC (Intraclass Correlation Coefficient) is the coefficient to evaluate the reli-

ability and consistency of measurements taken by different methods or observers

measuring the same targets [73]. In the algorithm proposed in this chapter, GPS

and IMU (Inertial Measurement Unit) are utilised for collecting the vehicle’s kinetic
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information and data fusion. ICC is used to evaluate the reliability of measure-

ments taken by GNSS and IMU and decide which measurements are reliable and

reasonable to be fused for vehicle positioning.

4.1 Intraclass Correlation Coefficient application

4.1.1 Conceptions and Computation of ICC

The reliability of all the measurements or assessments needs to be estimated before

they are applied. Reliability is the key factor which reflects not only the degree but

also the agreement between measurements [74]. Reliability can be described as the

ratio of true variance over true variance plus error variance [75].

The intraclass correlation coefficient is widely used to evaluate test-retest, in-

trarater and interrater reliability analyses [10]. The definitions of different types of

reliability are listed in Table 4.1. According to the definitions of reliability, inter-

rater reliability can be applied to multisensor measurements model, for example,

multiple sensors have been used to measure the positions of one vehicle. Intrarater

reliability is more suitable to be used when evaluating one sensor’s measurements

across several trials such as positioning data on different seconds provided by GPS.

Table 4.1: Definitions of different types of reliability [10]
Reliability Types Definitions
Interrater It reflects the variation between 2 or more raters

who measure the same group of subjects
Intrarater It reflects the variation between 2 or more trials

measured by one rater
Test-retest It reflects the variation for measurements taken by

one instrument on the same subject under the same
conditions

P. E. Shrout and J. L. Fleiss determined six forms of ICC in [73] where ICC

types are presented via two numbers in parenthesis. The first number represents

models (1: one-way random effect model, 2: two-way random effects model, 3:

two-way mixed effects model), and the second number represents types (1: single

rater/measurements, k: the mean of k raters/measurements). K. O. McGraw and S.

P. Wong determined a 10-form definition for ICC in [76] which is widely used in data

processing software such as SPSS. Besides the ’model’ and ’type’ which have been

explained by Shrout and Fleiss earlier, the ten forms are also classified according
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to ’definition’ of a relationship considered to be important (consistency or absolute

agreement).

Combining the definitions presented by those two research, the formulas to com-

pute ICC of different types can be determined as Table 4.2 lists [73] [76].

Table 4.2: Formulas for different types of ICC

ICC Model Type Definition Formulas

ICC(1,1) one-way random single absolute agreement MSR−MSW

MSR+(K+1)MSW

ICC(1,k) one-way random multiple absolute agreement MSR−MSW

MSR

ICC(2,1) two-way random/mixed single absolute agreement MSR−MSE

MSR+(k−1)MSE+ k
n
(MSC−MSE)

ICC(2,k) two-way random/mixed multiple absolute agreement MSR−MSE

MSR+
MSC−MSE

n

ICC(3,1) two-way random/mixed single consistency MSR−MSE

MSR+(k−1)MSE

ICC(3,k) two-way random/mixed multiple consistency MSR−MSE

MSR

whereMSR,MSC ,MSW andMSE represent mean square for rows, mean square

for columns, mean square for residual sources of variance and mean square for error,

respectively. n is the number of subjects and k is the number of raters/measurements.

An example is shown in Table 4.3 in order to explain how to compute ICC value

for different forms.

Table 4.3: An example for ICC application
Subjects Judge1 Judge2 Judge3 Judge4

1 9 2 5 8
2 6 1 3 2
3 8 4 6 8
4 7 1 2 6
5 10 5 6 9
6 6 2 4 7

There are 4 raters who are rating 6 subjects, which means the value of k and

n equal to 4 and 6, respectively. Assuming MeanS, MeanJ and MeanT represent

mean of subjects (means of each row), mean of judges (mean of each column) and

mean of total measurements respectively, then the equations for MSR, MSC , MSW

and MSE can be described as:

MSR =
k
∑n

i=1(MeanSi −MeanT )2

n− 1
(4.1)
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MSC =
n
∑k

i=1(MeanJi −MeanT )2

k − 1
(4.2)

MSW =

∑
(Xi,j −MeanS)2

n(k − 1)
(4.3)

MSE =

∑
(Xi,j −MeanS)2 − n

∑k
i=1(MeanJi −MeanT )2

(n− 1)(k − 1)
(4.4)

Xi,j is the measurements that judges take, where i and j represent the row and

column of Table 4.3 respectively. Based on equations 4.1-4.4, theMSR,MSC ,MSW

andMSE of example in Table 4.3 can be computed, which is 11.2417, 32.4861, 6.2639

and 1.0194, respectively. The ICC value for different types can be calculated then

via formulas in Table 4.2.

4.1.2 Selection of ICC forms for GPS positioning

As it is explained, there are different forms of ICC referring to different application

conditions. The formula of ICC computation varies from form to form, which means

even with the same input data, different form selections could lead to different ICC

values. As a result of this, it is critical to select ICC forms properly and correctly.

The flow chart shown in Figure 4.1 illustrates the flow of how to select ICC form [10].

It is obvious that there are 3 key processes in ICC form selection which are

’model’ selection, ’type’ selection and ’definition’ selection.

• ’Model’ selection

There are four types in ’Model’ including one-way random effects, two-way

mixed effects and two-way random effects.

The difference between ’one-way’ and ’two-way’ effects is if each subject/target

are rated by the same set of raters/judges. If different sets of raters are involved

for each subject, one-way effects should be chosen. And we will choose two-

way effects for the situation that all subjects are rated by the same group of

raters.

As for ’random’ and ’mixed’ effects, the key point is if the raters are selected

randomly from a large population of possible raters or if they are specific sets
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4.1 Intraclass Correlation Coefficient application

Figure 4.1: The flow chart of ICC form selection [10]

of raters [10]. If the reliability is for test-retest or intrarater, then choose

two-way mixed model for this part directly.

• ’Type’ selection

’Single’ or ’multiple’ should be selected for the ’Type’ selection. If only one

rater/measurement is considered in reliability computation, the ’single’ type
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4.1 Intraclass Correlation Coefficient application

is applicable. If the mean of more than 3 raters/measurements is considered

to be the basis of reliability computation, the ’multiple’ type should be used.

• ’Definition’ selection

’Definition’ means the definition of a relationship considered to be critical

which includes ’consistency’ and ’absolute agreement’.

’Absolute agreement’ considers if the measurements between raters for the

same subjects are equal to each other, however, ’consistency’ considers whether

the measurements taken by different raters are additive manner. For example,

for the same group of subjects, if rater X and rater Y give (2, 4, 6) and (4,

6, 8) respectively (i.e. Y=X+2). The ICC value using ’absolute agreement’ is

low while it is high using ’consistency’ because ’absolute agreement’ does not

include systematic errors as part of true measurements.

In the proposed algorithm explained in this chapter, ICC is applied for GPS posi-

tioning optimisation. The positioning accuracy and precision will be affected sig-

nificantly when GPS receiver is within challenging environments such as tunnels,

archways in a bridge and areas with skyscrapers. ICC is utilized to derive reliability

factors for outliers detection and reliable measurements selection.

As is explained in this section, 3 steps need to be decided before ICC form

selection. In the proposed positioning optimisation algorithm, three subjects will be

measured including differences between the pseudorange and carrier phase of two

adjacent epochs and carrier-to-noise ratio (CNR). These three subjects are measured

by GPS only at each epoch, which means the ICC value of a specific time slot reflects

the variation of measurements taken by GPS across 2 or more trials (intrarater

reliability). Based on this, ’two-way mixed effects’ and ’absolute agreement’ should

be selected for ’model’ and ’definition’ according to Figure 4.1. And because the

mean of multiple measurements within epochs is considered, ’multiple’ is picked

for ’type’ selection. As a result of these, the equation of ICC computation for the

application in the proposed algorithm should be:

ICC =
MSR −MSE

MSR + MSC−MSE

n

(4.5)

where n is the number of subjects which equals to 3. MSC and MSR represent

the mean square for epochs within a specific time slots and the mean square for
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measured subjects, respectively. MSE is the mean square for error which can be

calculated by using equation 4.4.

4.2 Reliability Factor Applied Positioning Opti-

misation of Multisensor system for Autonomous

vehicle

Figure 4.2: Data processing diagram for the ICC applied positioning optimisation
System

Figure 4.2 shows the diagram of data processing for ICC applied multisensor

positioning optimisation. Two sensors are utilized including Global Positioning Sys-

tem (GPS) and Inertial Measurement Unit (IMU) for vehicle positioning. ICC is

applied as a reliability factor which optimises GPS measurements based on raw data

showed by the RENIX Observation file.

The differences between pseudorange measurements or carrier phase for every

two adjacent epochs are supposed to be constant within a short period. Dramatic

variation for them may indicate an affected GPS signal and contribute to lower re-
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liability of GPS measurement. CNR denotes the ratios of received carrier power to

noise density. Low CNR can contribute to a higher bit error rate (BER), higher car-

rier and code tracking loop jitter and thus low precision and accuracy of positioning.

The variation for carrier-to-noise ratio should also be stable if there are no negative

effects for GPS signals. So the differences between pseudorange & carrier phase for

two adjacent epochs and CNR provided by GPS Observation file are considered to

be the subjects for ICC computation. The measurements of these three subjects

taken by GPS at each epoch are considered as trials of a single rater.

In order to avoid relying on one single sensor and get more accurate and pre-

cise positions of the vehicle, also to improve the consistency and availability of the

system, IMU is used to support GPS for data fusion. Positioning information for

a vehicle can be derived from original measurements of IMU via attitude mecha-

nization. The GPS measurements processed via ICC based optimisation algorithm

will be fused with positioning data obtained by IMU to derive the vehicle positions.

Loosely coupled Kalman filter is used for data fusion.

4.2.1 Algorithm for ICC Applied positioning Optimisation

ICC is applied in GPS positioning optimisation. The measurements are taken by

GPS are processed based on ICC applied algorithm before being fused with the

positioning measurements taken by IMU.

Assume K is the preset threshold value of ICC selection, ∆t is the time interval

for ICC computation, RF is the value of the reliability factor (ICC). CNR(T ) is

the CNR at t. PR(T ) and CP (T ) represent the difference between pseudorange

and carrier phase for T and (T-1), respectively. PRN(i) is the code for each visible

satellite and s is the number of visible satellites. T (m) and T (n) are the starting

time and end time of vehicle driving. PE represents the final estimated position

got from the proposed optimised GPS positioning algorithm. The ICC applied GPS

positioning optimisation algorithm can be described by the pseudocode in Figure

4.3.

As the algorithm block explains, for each visible satellite, the reliability factor

(RF) for each preset time interval will be computed first. After calculating the mean

of RFs, each RF will be compared with the mean value. If the difference between

RF and the mean value is larger than the preset threshold, the measurement for
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Figure 4.3: Algorithm for ICC based GPS positioning optimisation

these epochs will be labelled as low-reliability points and be deleted, which means

the unreliable measurements of satellites at a specific time will not be counted in

the process of deriving the receiver’s positions.

This process is applied upon every time interval for every satellite seen by the

receiver during the experiment. Because the unreliable measurements are detected

and deleted, the errors in positioning are smaller than the conditions involving mea-

surements with low reliability, in other words, the accuracy and precision could be

increased by applying the reliability factor based optimisation algorithm.

4.2.2 Data Fusion for Optimised GPS Measurements and

IMU Measurements

Another sensor used for more precise positioning in our proposed scheme is IMU.

The estimated positions of the vehicle got based on the IMU measurements will be

fused with ICC selected GPS positioning information to derive the final positions

of the vehicle. IMU consists of an accelerator and a gyroscope which returns the

acceleration and rotation angle for x, y, and z axis. In order to get the positioning

of the vehicle, attitude mechanization and IMU mechanization are necessary.
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4.2.2.1 Euler Angle Attitude Mechanization

The measurement provided by IMU is based on body-frame which should be trans-

formed to the navigation frame. Before the measurements of IMU can be used, the

attitude mechanization is necessary whose key component is the transformation of

the reference frame. There are three transformation methods including Euler angles,

Direct Cosine Matrix (DCM) and quaternion [77].

Euler angle is the most common way for attitude mechanization of IMU. In this

system, we used Euler angle because it is easy to use and understand.

The attitude measurements from IMU are consist of three elements including

yaw. pitch and roll, which can be denoted by ψ, θ and ϕ, respectively. A vector

(x,y,z) rotate can be divided into three steps rotation around three axes. Firstly, it

rotate ψ angle around the z-axis, the rotation matrix Cb
n(ψ) can be written as:

Cb
n(ψ) =


cosψ sinψ 0

−sinψ cosψ 0

0 0 1

 (4.6)

Secondly, rotate θ angle around the y-axis, the rotation matrix Cb
n(θ) is presented

as:

Cb
n(θ) =


cosθ 1 −sinθ

0 1 0

sinθ 0 cosθ

 (4.7)

Thirdly, rotate ϕ angle around x-axis, the rotation matrix Cb
n(ϕ) should be expressed

as:

Cb
n(ϕ) =


1 0 0

0 cosϕ sinϕ

0 −sinϕ cosϕ

 (4.8)

The integrated rotation matrix Cb
n(ϕ, θ, ψ) = Cb

n(ϕ) · Cb
n(θ) · Cb

n(ψ) can be formed

as:

Cb
n(ϕ, θ, ψ) =


cosψcosθ cosθsinψ −sinθ

cosψsinϕsinθ − cosϕsinϕ cosϕcosψ + sinϕsinψsinθ cosθsinϕ

sinϕsinψ + cosϕcosψsinθ cosϕsinψsinθ − cosψsinϕ cosϕcosθ


(4.9)

After taking attitude mechanization, the IMU measurements can be transformed to
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navigation frame based on the attitude of last time step.

4.2.2.2 Loosely Coupled Integration of GPS and IMU

Kalman filter is used for data fusion in the proposed algorithm presented in this

chapter. Kalman filter uses prior information to obtain the optimal estimate value in

a linear model which has been widely used in navigation and data fusion applications

[78].

There are two stages of Kalman filter including ’prediction’(or ’estimation’) and

’correction’ (or ’propagation’) [79]. The equations of Kalman filter are listed in table

4.4.

Table 4.4: Summary of the Kalman filter algorithm
Prediction
Project the state ahead x̂−k = Fx̂+k−1 +Buk−1 + wk−1

Project the error covariance ahead P−
k = FP+

k−1F
T +Q

Correction
Measurement residual ỹk = zk −Hx̂−k
Kalman gain Kk = P−

k H
T (HP−

k H
T +R)−1

Updated state estimate x̂+k = x̂−k +Kkỹ
Updated error covariance P+

k = (I −KkH)P−
k

The characters with ’ ˆ ’, ’-’ and ’+’ denote the estimated value of the variable,

prior and posterior estimates, respectively. [80]. k represents the time step of vari-

ables. Within the prediction stage, F and B are the state transition matrix and

input-control matrix, respectively. w is the process noise which is assumed to fol-

low Normal distribution with zero mean and covariance Q. Within the correction

stage, zk represents the measurement vector and H is the measurement matrix. The

measurement noise is zero-mean Gaussian with covariance R. P and K are two key

elements in the Kalman filter algorithm which represent the error covariance of the

system and Kalman gain, respectively.

As for the fusion procedure used in the proposed positioning optimisation algo-

rithm, measurements from IMU and GPS are utilized. After attitude mechanization,

IMU is able to provide 3-D acceleration of vehicle which will be utilized in the ’pre-

diction’ part and GPS measurements for position and velocity are used in ’correction’

part of Kalman filter. The state matrix of Kalman filter in this algorithm consists
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of the 3-D position and velocity of vehicle equipment:

x = [p, v]T (4.10)

where

p = [px, py, pz]

v = [vx, vy, vz]
(4.11)

The elements in p and v are defined in axes x, y and z. According to the kinematic

equations, the state at time k can be derived based on the state at time k − 1:

xk =

pk
vk

 =

pk−1 + vk−1∆t+
1
2
ãk−1∆t

2

vk−1 + ãk−1∆t

 (4.12)

where ãk−1 represents the acceleration of the vehicle at time step k − 1. Equation

4.12 can be rewritten as:

xk =

I3×3 I3×3∆t

03×3 I3×3

xk−1 +

1
2
I3×3∆t

2

I3×3∆t

 ãk−1 (4.13)

where I3×3 and 03×3 denote 3 × 3 identities and zero matrices, respectively. The

acceleration measurements come from IMU are the input parameter of the state

transmission equation which also contributes to process noise [80]. Assuming ek−1

is the noise of IMU accelerator output which follows the normal distribution with

zero mean and I3×3σ
2
e variance. According to the covariance formula, Cov(Ax) =

ACov(x)AT , the process noise covariance matrix Q can be computed by:

Q =

1
2
I3×3∆t

2

I3×3∆t

 I3×3σ
2
e

1
2
I3×3∆t

2

I3×3∆t

T

=

1
4
I3×3∆t

4 03×3

03×3 I3×3∆t
2

σ2
e (4.14)

Following the process part equation of Kalman filter:

In our fusion system, F , B and w are determined as:

F =

I3×3 I3×3∆t
2

03×3 I3×3

 (4.15)
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B =

1
2
I3×3∆t

I3×3∆t

 (4.16)

wk−1 ∼ N(0, Q) (4.17)

The position and velocity of the vehicle provided by GPS are defined as the input

measurements of this Kalman filter:

zk =

pk
vk

+Υk (4.18)

where the observation model matrix H and measurement Υ are presented by:

H = I6×6 (4.19)

Υk ∼ N(0, R) (4.20)

Following the procedure and parameter determinations explained above, the ICC

selected GPS measurements are fused with IMU measurements for more precise

and accurate positions of vehicles. The measurements taken by IMU and GPS are

processed via MATLAB to obtain 3-dimension acceleration, position and velocity

for each epoch. The fusion procedure is implemented based on MATLAB, which is

a post processing for the experiments data.

4.3 Experiment Scenario and Equipment Setup

4.3.1 Experimental Equipment Setup

In order to test the proposed positioning optimisation algorithm explained in this

chapter, hardware experiments have been taken based on a trolley. Universal soft-

ware radio peripheral (USRP), IMU, receiver antenna, and laptop for data storage

and processing are equipped on the trolley.

Figure 4.4 shows the details of the USRP X310 used in the trolley test which is

applied as GPS radio frequency front end. The RENIX file for experiment period

including the Navigation file and Observation file will be generated and saved in

USRP. The ICC applied GPS optimisation algorithms are used based on raw data

collected during the trolley test.
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Figure 4.4: USRP X310, showing the front and rear panels of USRP [11]

Figure 4.5: MTi-G [12]

The IMU used in this trolley test as Figure 4.5 shows is MTi-G produced by

XSENS. MTi-G is a low-cost IMU which could provide 3D orientation and 3D ac-

celeration with a high update rate.

4.3.2 Experiment Scenario

Figure 4.6: The experiment scenario for electronic trolley, reference trajectory of
trolley (red)
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4.4 Results Analysis

The complexity of traffic scenarios is one of the main reasons for traffic acci-

dents. It can also affect the performance of sensors, for example, the GPS signals

could be too weak to provide accurate positioning information when vehicles are

driving through tunnels. In order to test the proposed algorithm, a specific scenario

consisting of a complex traffic environment should be picked.

The selected experiment scenario for the trolley test is in the Jubilee campus of

the University of Nottingham. This complex scenario includes environment where

massive multipath effects expected (tall sculptures, various buildings, high-rise trees)

and open areas.

The red line in Figure 4.6 illustrates the trajectory of the trolley in the experi-

ment. The trolley moved across various scenarios which could bring different effects

on the GPS signal. The trolley started from the intersection at the lower middle

part and ended at the car park area on the right side of the map.

4.4 Results Analysis

Figure 4.7: ICC detection of odd measurements for G02
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4.4 Results Analysis

It is shown in Figure 4.7 that the ICC detection of odd measurements for GPS

satellite G02. The first three subfigures in Figure 4.7 show the difference of pseudo-

range and carrier phase between two adjacent epochs, the value of carrier-to-noise

ratio (CNR) against time, respectively. The differences of peudorange and carrier

phase between adjacent epochs are supposed to be stable and no dramatic fluctu-

ation should occur during a short period, which means the measurement of GPS

may be unreliable if odd fluctuation occurs. As it is shown in figure, the red line

(differences between adjacent pseudorange) and the violet line (differences between

adjacent carrier phases) fluctuate dramatically during the period from around 280s

to 330s, which indicates the signal of GPS may be affected significantly and the

measurements taken by G02 for these epochs are not reliable enough for satellite

positioning. As the green line (CNR) shows, measurements with abnormal low CNR

occur at 260s and 280-320s approximately. The subfigure at bottom of Figure 4.7

illustrates the value of ICC for each group of epochs. The computation of ICC is

divided into groups with 5 seconds interval, which means 60 in the X-axis denotes

300s of the experiment time. It is obvious that the values of ICC equal to 1 ap-

proximately except several odd points such as group 57 to group 66 (285s to 330s),

which matches the main period where odd measurements occur in the first three

subfigures.

Figure 4.8 shows the error comparison between the original positioning and ICC

selected positioning. The errors are compared based on local East, North and Up

coordinates. It is easy to see that compared with the original positioning, ICC

selection algorithm optimised most measurements with large errors in East, North

and Up, especially during the first 20 seconds of the experiment and the period

between around 280s and 350s. As for the period when the original positioning gets

smaller errors such as the 50s-270s, the ICC selected positioning performs better

which can be seen from the smoother error line than the original.

In order to compare the errors statistically, the mean and standard deviation of

original positioning and ICC selected positioning on East, North, Up and Horizontal

are presented in Figure 4.9. Obviously, by applying the ICC selection algorithm,

the mean and standard deviation on all axes are reduced significantly, which means

the accuracy and precision of GPS positioning have been improved.

Figure 4.10 presents the trajectories of the trolley processed by different algo-

rithms on Google Earth. The red dots, blue dots and green dots represents the
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4.4 Results Analysis

Figure 4.8: Error comparison between original positioning and ICC selected posi-
tioning
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4.4 Results Analysis

Figure 4.9: Comparison of Mean and standard derivation of errors

Figure 4.10: Trolley trajectories comparison between original positioning (red), ICC
selected positioning (blue) and reference (green)
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4.4 Results Analysis

trajectory of the original GPS positioning, ICC selected GPS positioning and ref-

erence (true trajectory). It is obvious that the trajectory consisting of positions

processed by the ICC selection algorithm is smoother and closed to the reference

trajectory. A lot of odd positioning dots which locates far away from reference

dots have been modified and corrected, especially when the trolley went around the

building and the high sculpture. The positioning for trajectory near the car park

area on the top right of the map is also improved significantly. However, there are

still estimated positions with big errors which need further processing procedure.

Figure 4.11: Error comparison between GPS only positioning and GPS/IMU fusion
positioning

The errors in East, North and Up for local geodetic coordinates are compared on

Figure 4.11, where the blue line and orange line denote the errors for ICC selected

GPS positioning and GPS/IMU fusion positioning, respectively. As it is shown in
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4.5 Summary

figure, Kalman filter based GPS/IMU fusion provides a further improvement in the

positioning. After fusion, the errors are reduced dramatically, particularly where

measurements with maximum errors occurring.

Figure 4.12: Trolley trajectories comparison between GPS only positioning (blue),
GPS/IMU fusion positioning (yellow) and reference (green)

As shown in Figure 4.12, blue dots and yellow dots represent the trajectories

that got from ICC selected GPS positioning and GPS/IMU fusion positioning, re-

spectively. The green dots line denotes the true trajectory of the trolley in the

experiment. With the support of IMU, most measurements with large errors taken

by GPS are corrected. Multisensor fusion leads to more accurate and smoother

trajectories rather than GPS only positioning. At the beginning of the trolley test,

fused data got higher errors than average because of the feature of the Kalman fil-

ter. After rounds of iteration for error covariance and Kalman gain, the estimation

converges, which contributes to a more accurate and precise trajectory.

4.5 Summary

In this chapter, an ICC applied multisensor positioning optimisation algorithm is

explained. An intraclass correlation coefficient is applied on GPS positioning to
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4.5 Summary

detect unreliable satellite measurements. The measurements with low reliability are

filtered before positioning. Then inertial measurement unit is utilised for further

improvement of positioning accuracy. ICC processed GPS data is fused with IMU

data by using the Kalman filter. A trolley test containing low-cost IMU and USRP-

based GPS receiver has been done within a scenario including open areas, sculptures

and buildings. From the results shown in this chapter, the reliability factor (ICC)

related optimisation algorithm is able to increase the accuracy and precision of

GPS positioning. The fusion of GPS and IMU contributes to further reduction of

positioning errors and avoiding system relying on only one sensor.

The noise from IMU can be accumulated continuously if GPS loses signal for

a long time. In order to increase the reliability and availability of the system un-

der more complex challenging driving environments, more sensors are necessary.

Furthermore, the velocity of the trolley is limited, real vehicle based field trial is

expected.
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Chapter 5

Multisensor Selection and Fusion

for Autonomous Vehicle in

Sensor-degraded Environment

In order to improve the performance of GPS, the intraclass correlation coefficient

(ICC) is applied to GPS measurements in Chapter 4. And IMU is used for data

fusion to mitigate positioning errors. However, GPS signal is not available all the

time, for example, when the number of visible satellites is lower than 4. Without

correction from GPS, the drift that come from IMU will accumulate after providing

positioning information alone for a long time. As a result of these, GPS and IMU

are not sufficient enough for a multisensor integration system with high availabil-

ity, other sensors are necessary. Researchers in [46] and [45] developed multisensor

integration navigation aided by a digital compass and odometer, which can provide

the direction and velocity of vehicles as aiding information. However, digital com-

pass and odometer are not independent positioning sensors, which means they can

only provide assistance aiding information. A sensor can work as the alternative

positioning option when GPS signal losses are required. LiDAR (light detection

and ranging) is a sensor which uses a laser to scan obstacles around and returns

the measured ranges between LiDAR and obstacles. In the proposed multisensor

positioning algorithm, LiDAR is utilized to provide useful positioning information

for the vehicle, especially in the situation when GPS signal is lost.

When multiple sensors are included in integrate navigation system, the avail-

ability and performance of each sensor should be concerned. The reliability and
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5.1 Challenging Environment Navigation Switching Algorithm for
Autonomous Vehicles

availability of different sensors can be affected by different environments, for in-

stance, GNSS (global navigation satellite system) is one of the most reliable sensors

in open areas, while may lose signal tracking when the receiver is in garage or in-

door environment. Therefore, how to choose the fusion combination of sensors and

when to switch between different navigation algorithms are one of the most critical

and difficult parts of the multisensor navigation system. [47] and [48] apply multi-

ple sensors in the navigation system, however, both of the algorithms integrate all

sensors without evaluating the reliability of each sensor first. The robustness and

performance of these two systems can be affected negatively if one of the sensors are

unreliable. At least three sensors are utilized in [49] and [3]. Switching algorithms

are developed to detect the environment (indoor or outdoor) and switch between

fusion modes (GNSS/IMU navigation or dead reckoning navigation). Nevertheless,

the algorithms are applied only in scenarios with angular ramp garages and specific

sizes of the gate, which is not applicable to other scenarios. ICC is applied to the

measurements of GPS as a reliability factor in Chapter 4, which contributes to more

accurate and precise positioning for GPS only. Within a system including several

sensors, ICC can not only be used upon sensors separately but also be utilized to

select the most reliable fusion combination of sensors. In the proposed multisen-

sor fusion algorithm presented in this chapter, GNSS, IMU and LiDAR are utilized

for vehicle positioning. ICC is used as the evaluation factor for different modes of

navigation and decides when to switch between different navigation modes.

In order to improve the reliability and continuity of providing positioning in-

formation, GNSS, IMU and LiDAR are integrated based on the Kalman filter for

vehicle navigation. Furthermore, an ICC based switching and selecting algorithm is

developed for navigation mode switch and decision. The system algorithm is tested

by field trial based on a van which is equipped with the devices mentioned above.

The results of the experiment indicate the performance of the proposed system is

superior under challenging driving environments.
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5.1 Challenging Environment Navigation Switching Algorithm for
Autonomous Vehicles

Figure 5.1: The block diagram of data processing

5.1 Challenging Environment Navigation Switch-

ing Algorithm for Autonomous Vehicles

Figure 5.1 shows the data processing block diagram of the proposed algorithm. The

data collected by IMU, LiDAR and GNSS will be preprocessed first to derive the

same level positioning information respectively, for example, feature extraction and

mapping scheme is used for LiDAR positioning. The positioning measurements

will be input into the mode selecting and switching block before fusion. GNSS

and LiDAR can work properly during each others’ poor performance period, for

example, GNSS can provide PNT information with high accuracy in open areas,

while LiDAR can barely return data because of not sufficient obstacles around.

And IMU is able to collect dynamic data constantly, so there are two fusion modes

including GNSS/IMU fusion and LiDAR/IMU fusion in the proposed system. Mode

selecting and switching block judges and selects fusion mode with higher reliability

at each discrete time, then the PNT information of the vehicle will be estimated by

fusion mode which is selected.

Within the mode selecting and switching algorithm, ICC value is regarded as
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5.2 Data Preprocess for LiDAR and IMU

selection factor. Based on the ICC concepts which have been explained in last

chapter, the positions of the vehicle in different dimensions (x/y/z or E/N/U) are

the three ’subjects’ and different sensors are ’judges’. ’Two-way mixed’ model,

’multiple’ type and ’absolute agreement’ are picked for the ICC models applied in

this algorithm, whose value can be computed by Equation 4.5.

5.1.1 Algorithm for mode selecting and switching

Assume K is the preset threshold value of ICC selection, SF is the value of the

selection factor (ICC). PG(t), PL(t) and PI(t) are the preprocessed positioning

measurements of GNSS, LiDAR and IMU at t, respectively. T (m) and T (n) are the

starting time and end time of vehicle driving. PE represents the final estimated

position got from the proposed optimised multisensor fusion algorithm. The fu-

sion data selection algorithm based on the selection factor can be described by the

pseudocode in Figure 5.2.

As it describes in the algorithm, The ICCs for both fusion modes (GNSS/IMU or

LiDAR/IMU) are computed and compared to get which fusion combination is most

reliable at each time. The fusion mode with a higher ICC value will be selected to

reduce the negative effects caused by unreliable data. If both fusion modes are not

reliable enough (the ICC of both modes are lower than the preset threshold), the

positioning information will be derived based on IMU data only. The fusion results

are used as the initial data for positioning of the next second.

5.2 Data Preprocess for LiDAR and IMU

5.2.1 Line Tracking and Mapping for LiDAR

In order to derive positions of the vehicle based on LiDAR measurements, feature

extraction and mapping should be done first. Lines are the most frequently used

feature for LiDAR feature extracting because they are common and repeatable in

various scenarios such as urban and suburban areas. By identifying the same line

from two adjacent successive scans of LiDAR, reference positioning information can

be derived for vehicle positions. Compared with the conventional line extraction

schemes including split and merge, line tracking and random sampling consensus,

a LS based line tracking approach with higher efficiency and lower implementation
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5.2 Data Preprocess for LiDAR and IMU

Figure 5.2: Mode selecting and switching algorithm

difficulty is used in this project. As it is explained, the measurements obtained

by LiDAR are the angle and range between LiDAR and obstacles, which can be

represented by α and ρ, respectively. Assume x and y are the coordinates of the

scanned obstacle point in Cartesian coordinates, N is the number of scanned points

in a line. The translation between Polar coordinate and Cartesian coordinate can
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5.2 Data Preprocess for LiDAR and IMU

be taken by Equations:

ρ = x̄cos(α) + ȳsin(α) (5.1a)

α =
1

2
tan−1(

2 ·
∑N

i=1(x̄− xi) · (ȳ − yi)∑N
i=1(ȳ − yi)2 −

∑N
i=1(x̄− xi)2

) (5.1b)

x̄ =
1

N

N∑
i=1

xi (5.1c)

ȳ =
1

N

N∑
i=1

yi (5.1d)

To find the break point of each line, the first two points of scanning clouds are

used to create the original line. The equations of the extracted line can be calculated

based on LS [81]. Then the successive scanned points will join the line except when

the Euclidean distance De between the new point and the line or the standard

deviation σl distance between the scanned point and the line is larger than preset

threshold [82]. The De and σl can be computed by:

De = ρ− xicos(α)− yisin(α) (5.2)

σl =

√∑N
i=1[ρ− xicos(α)− yisin(α)]2

N − 1
(5.3)

Where xi and yi is the Cartesian coordinate of the new point. The point which is

not allowed to join will be the break point or the first point of next line.

After extracting line features of each scan, mapping is necessary to identify which

lines are corresponded to each other in adjacent scans. By implementing mapping,

the relative positions and attitudes of LiDAR can be estimated. The extracted line

can be described by a linear equation:

ajnxi + bjnyi + c = 0 (5.4)

where n and i denote the number of scanning circle and the number of point joined

the Jth line. The distance between one points to the extracted line is computed by:

dni,j =
ajxi + bjyi + c√

a2 + b2
(5.5)
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5.2 Data Preprocess for LiDAR and IMU

The total distance for a line with S points can be calculated by:

Dn
j =

S∑
i=1

ajxi + bjyi + c√
a2j + b2j

(5.6)

Because the line extraction is based on the least mean square, the total distance

between points to line should be the same within the two scans. If the difference

between two total distances are less than or equal to the preset threshold (|Dn+1
j −

Dn
j | ≤ Dthreshold), these two lines will be considered as the same line in two scans

[83]. After mapping the line features, the positions of the vehicle based on LiDAR

measurements can be got via the LiDAR mechanization procedure.

5.2.2 IMU Mechanization

In order to transform the measurements of IMU from angular velocity and specific

force to position, velocity, IMU mechanization is needed [84]. The measurement of

IMU from gyroscope and accelerator can be expressed as:

ω̃ = ωb
ib +∆ωb

ib (5.7a)

f̃ b = f b +∆f b (5.7b)

where ∆f b and ∆ωb
ib denote the error of specific force and the error of angular

velocity, respectively. Regarding the local frame as a reference, the relation between

position and velocity can be described as:

ṙn = D−1vn (5.8)

where rn represents the 3-D (Latitude ϕ, longitude λ, and height h) states of position

and D−1 is computed by:

D−1 =


1

RM+h
0 0

0 1
(RN+h)cosα

0

0 0 −1

 (5.9)
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where RM and RN denote the radius of curvature for meridian and prime vertical,

which can be calculated by Equation 5.10.

RM =
a(1− e2)

(1− e2 · sin2φ)3/2

RN =
a

(1− e2 · sin2φ)1/2

(5.10)

where a is the semi-major axis length which equals to 378317.0m and e is the eccen-

tricity of the WGS-84 ellipsoid which equals to 0.0818 [85]. The velocity state can

be computed via:

v̇n = RENC
b (f b − ba)− (2ωn

ie + ωn
en)v

n + gn (5.11)

where RENC
b is the transformation matrix from body-frame to local level frame

(North, East and Down). f b is the specific force measured by the accelerator of

IMU. ωn
ie represents the Earth’s turn rate in a local level frame and ωn

en represents

the turn rate of local level frame relatives to Earth. Both of the parameters can be

obtained from Equation 5.12.

ωn
ie =

[
0 σcosϕ σsin(ϕ)

]T
(5.12a)

ωn
en =

[
−vn

RM+h
vE

RN+h
vEtanϕ
RN+h

]
(5.12b)

where g and ba denote the gravity vector and accelerator drift, respectively. Set ωb
ib

to be the angular velocity measured by gyroscopes based on the body frame and bg

is the gyroscope drift, the attitude mechanization can be derived by:

ωb
nb = ωb

ib −Rb
ENC(ω

n
ie + ωn

en)bg (5.13)

where Rb
ENC denotes the transformation matrix from the local level frame to the

body frame.

5.2.3 INS error models

Within the measurements of IMU and the mechanisation process, certain and ran-

dom errors occur and accumulate. It is necessary to analyse and estimate the errors

based on the error models. The INS error models are also utilized in IMU-based
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5.2 Data Preprocess for LiDAR and IMU

data fusion such as the Kalman filter and particle filter.

5.2.3.1 Position Error Model

Assume ϕ, λ and h denote the differential position in latitude, longitude and height

above the Earth surface, respectively. Vn, Ve and Vd represent the velocity base

on North, East, Up frame. Then the position differential coefficient in geodetic

coordinates can be computed by Equation 5.14 [86].


ϕ̇

λ̇

ḣ

 =


Vn

RM+h

Ve

cos(ϕ)(RN+h)

−Vd

 (5.14)

Equation 5.14 can be expressed in a nonlinear model as:

Ṗ = fp(P, v)

˙̂
P = fp(

˙̂
P, ˙̂v)

(5.15)

Use the Taylor series to linearize Ṗ around
˙̂
P and neglect the higher order. Ṗ can

be expressed as:

Ṗ = fp(P̂ , v̂) + FrrδP + Frvδv + Frεε (5.16)

The position error can be further modelled as Equation 5.17 presents.

∆P = FrrδP + Frvδv + Frε + δε (5.17)
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Where Frr, Frv and Frε are presented as:

Frr =


0 0 −v̂n

(RM+h)2

v̂esin(φ̂)

(RN+ĥ)cos(φ̂)2
0 −v̂e

(RN+ĥ)2cos(φ̂)

0 0 0

 (5.18a)

Frv =


1

(RM+ĥ)
0 0

0 1

(RN+ĥ)cos(φ̂)
0

0 0 −1

 (5.18b)

Frε =


0 0 0

0 0 0

0 0 0

 (5.18c)

5.2.3.2 Velocity Error Model

As for velocity error, it can be described by Equation 5.19 [86].

˙̂
V n
e = fn − Pfn + R̂n

b∆f
b + gn − δgn − (ω̂n

en + 2ω̂n
ie)V̂

n (5.19)

Subtract Equation 5.19 from Equation 5.11, and linearize the result by Taylor series,

the velocity error can be expressed as:

δV̇ = FvrδP + FvvδV + Fvεε−Rn
b δf

b (5.20)

where P = ε(×), and the Fvr, Fvv and Fvε are:

Fvr =


2σ(Vusinφ+ VNcosφ) +

VEVN

(RN+h)cos2φ
0 VEVU

(RN+h)2
− VEVN tanφ

(RN+h)2

−2σVEcosφ− V 2
E

(RN+h)cos2φ
0

VRN
VU

(RM+h)2
+

V 2
Etanφ

(RN+h)2

−2σVEsinφ 0 − V 2
E

(RN+h)2
−

V 2
RN

(RM+h)2
+ 2g

R+h


(5.21a)

Fvv =


VN tanφ
RN+h

− VU

RN+h
2σsinφ+ VEtanφ

RN+h
−2σcosφ− VE

RN+h

−2σsinφ− 2VEtanφ
RN+h

− VU

RM+h
− VN

M+h

2σcosφ+ 2VE

RN+h
VN

RM+h
0

 (5.21b)

Fvε =


0 fU −fN

−fU 0 fE

fN −fE 0

 (5.21c)
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5.2.3.3 Attitude Error Model

According to Equation 5.13, the attitude error model can be expressed as [86]:

ε̇ = R̂n
b (δω

b
ib − δωb

in) (5.22)

And δωn
in can be computed by:

δωb
in = R̂b

n(δω
n
in − Pω̂n

in) (5.23)

Substitute δωn
in, then

ε̇+ ω̂n
inε = −δωn

in +Rn
b δω

b
ib (5.24)

Set δωn
in = ωn

in − ω̂n
in and linearize it by Taylor series

δωn
in = [

∂ω̂in

∂ε̂
,
∂ω̂in

∂V̂
]

 δε
δV

 (5.25)

So the attitude error can be modeled as:

ε̇ = FεP δP + FεV δV + Fεεδε+ R̂n
b δω

b
ib (5.26)

Where

Fεr =


0 0 − VN

(RM+h)2

σsinφ 0 VE

(RN+h)2

−σcosφ− VE

(RN+h)cos2φ
0 VEtanφ

(RN+h)2

 (5.27a)

Fεv =


0 1

RM+h
0

− 1
RN+h

0 0

− tanφ
RN+h

0 0

 (5.27b)

Fεε =


0 σsinφ+ VEtanφ

RN+h
−σcosφ− VE

RN+h

σsinφ− VEtanφ
RN+h

0 VN

RM+h

σcosφ+ VE

RN+h
VN

RM+h
0

 (5.27c)
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5.3 Data Fusion for GNSS/IMU and LiDAR/IMU

Kalman filter is used in this project for loose multisensor integration. Compared

with classic Kalman filter, a 15 states vector of errors is used as the estimation of

the Kalman filter. [87]. The state equation for Kalman filter estimation is presented

as Equation 5.28

x = [δrxyz δvxyz δεxyz δba δbg] (5.28)

where, δr is the position error in three dimensions, δv is the velocity error in three

dimensions and δε is the attitude error in three dimensions, δba and δbg are the

bias of accelerator and gyroscope in three dimensions respectively. According to the

basic equations of each part for the Kalman filter in Table 4.4, the state prediction

equation is:

xt = Ftxt−1 (5.29)

where F denotes the state transition matrix. Based on the INS error models ex-

plained in last subsection, Equation 5.29 can be rewritten as:

δṙ

δv̇

δε̇

δḃa

δḃg


t

=



Frr Frv Frε 03 03

Fvr Fvv Fvε Cn
b 03

Fεr Fεv Fεε 03 Cn
b

03 03 03 βba 03

03 03 03 03 βbg


·



δr

δv

δε

δba

δbg


t−1

+ ωt−1 (5.30)

The error covariance can be computed by:

Pt|t−1 = [E(xt − x̂t|t−1)(xt − x̂t|t−1)
T ] (5.31a)

Pt|t−1 = FtPt−1|t−1F
T
t +Qt (5.31b)

where Q represents the process noise covariance which comes from the bias of

gyroscope and accelerator.

There are two different modes for the ’measurement’ part including GNSS/IMU

and LiDAR/IMU, which is picked by an ICC-based selecting algorithm. The differ-

ence in position, velocity and attitude in 3-D between GNSS, LiDAR and IMU is

used as the input measurements for the system. Assume z to be the measurement,
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then the measurements for two modes are:

zGNSS/IMU =

rGNSS − rIMU

vGNSS − vIMU

 (5.32)

zLiDAR/IMU =


rLiDAR − rIMU

vLiDAR − vIMU

εLiDAR − εIMU

 (5.33)

The input measurements will be decided after the selection based on ICC, which

means z is selected according to the reliability of GNSS and LiDAR. If neither

modes are selected which means both GNSS and LiDAR cannot provide reliable or

available positioning information, there is no data fusion, and the positioning of the

vehicle will rely on IMU only after one or both GNSS and LiDAR can collect reliable

enough data.

To derive Kalman gain and update estimate error state and error covariance, the

observation matrix is dynamic as well. For GNSS/IMU fusion mode, observation

matrix can be presented as:

H
GNSS/IMU
t =

I3×3 03×3 03×3 03×3 03×3

03×3 I3×3 03×3 03×3 03×3

 (5.34)

and the LiDAR/IMU mode observation matrix is:

H
LiDAR/IMU
t =


I3×3 03×3 03×3 03×3 03×3

03×3 I3×3 03×3 03×3 03×3

03×3 03×3 I3×3 03×3 03×3

 (5.35)

Set Kalman gain is K, then the estimate state and error covariance can be updated

as:

x̂t|t = x̂t|t−1 +K(z −Htx̂t|t−1) (5.36)

Pt|t = Pt|t−1 −KtHtPt|t−1 (5.37)

The integration system is dynamic because two subsystems are involved and data

fusion content switches between these two subsystems following the decision made

by the selection algorithm. The integrated PNT results for the vehicle will be the

initial set of data fusion in the next time step.
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5.4 Field Trial Setup and Testing Scenario

An equipped van based field trial has been implemented to test the proposed algo-

rithm. Compared with trolley test, real van test provides experimental scenario with

higher reality such as faster testing velocity and more complex roadside environment.

5.4.1 Experiment Equipment

The GNSS (global navigation satellite system) receiver used in the field trial is

Septentrio PolaRx 5S which is shown in Figure 5.3. PolaRX 5S is able to support

following constellations and frequency:

• GPS: L1CA, L1P, L2P, L5

• GALILEO: E1, E5a, b, AltBoc E6

• SBAS: L1, L5

Only L1, L5 of GPS and E1, E5 of GALILEO are utilized for positioning in this

project. The front and rear panel of PolaRx 5S is whown in Figure [13]. On the

front panel, ’PWR’ is connected with power supply. And ’COMS3-4/USB’ port is

connected with on-board unit via pin7-USB cable for data storage. On the rear

panel, antenna (main) is connected with GNSS antenna for RF signal.

Figure 5.3: PolaRX 5S front and rear panel [13]

The upper figure in Figure 5.4 shows the LiDAR used in this field trial which

is Velodyne VLP-16. VLP-16 uses 16 infra-red lasers to detect the obstacles within
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surrounding environment and measure the distance between obstacle points to Li-

DAR. Sub-figure (b) in Figure 5.4 illustrates the interface box of VLP-16. The power

supply and synchronization cable are both integrated with interface box. An Ether-

net cable with RJ45 Ethernet connector is connected between LiDAR and on-board

unit for data recording.

(a) Photo of LiDAR sensor [88]

(b) VLP-16 interface box [89]

Figure 5.4: Velodyne VLP-16 LiDAR

The NovAtel SPAN UIMU-LCI is used to provide reference trajectory of vehicle

which is shown in Figure 5.5. The SPAN can provide 3-D inertial measurements

and derive reference trajectory via using NovAtel’s licensed software. It will be

compared with other results in field trial for error computation.

MTi-G IMU is used for GNSS/IMU data fusion which has been introduced in

last chapter. All the non-GNSS sensors and on-board unit are time synchronized

with GNSS receiver via GNSS supplied pulse per second (PPS) clock signal.
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Figure 5.5: NovAtel SPAN UIMU-LCI [14]

Figure 5.6: The equipped testing van

5.4.2 Field Trial Equipment Setup

Figure 5.6 shows the front site of equipment arrangement on testing van. Three

sensors including GNSS, IMU and LiDAR are set up. The on-board unit is utilized

for data storage and preliminary data processing. LiDAR and GNSS antenna are

set on the roof of the van. IMU, GNSS receiver and on-board unit are equipped

inside the van. As figure 5.7(a) shows, in order to reduce scanning shadows such

as shadows caused by racks and roof of the van, LiDAR is mounted on the centre

of the van roof and is raised up 40 cm from the surface of the roof. The PolaRx

5S receiver is secured to a fixed mounting plate inside the van as shown in Figure

5.7(b). The accumulators which provides power supply for all equipment are settled

on the floor and tied to avoid them from moving around.

88



5.4 Field Trial Setup and Testing Scenario

(a) LiDAR roof mounting (b) GNSS receiver and accumulators mount-
ing

Figure 5.7: Experiment equipment mounting

5.4.3 Field Trial scenario

Figure 5.8: Scenario of field trial

The testing scenario is located in Coventry which is shown in Figure 5.8. Two

motorways M6 and M69 intersect within the picked field trial scenario. Following

the red arrow shown in Figure 5.8, the quipped testing van drove from East to West

on M69 and drove through the tunnel covered by the bridge of M69. Within the area

covered by a green square, the trajectory of testing van can be divided into three

parts including open area before the tunnel, tunnel and open area after the tunnel.

As it is explained, the tunnel can block or affect the signal of GNSS, which means
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satellite positioning under the tunnel comes with lower accuracy and precision when

compared with open area. In contrast, the LiDAR sensor can collect more data

on obstacles under the tunnel, which is able to provide more relative positioning

information rather than open areas. When testing van drives through the scenario

with high velocity for the motorway, the surrounding environment switches fast as

well. Multisensor selecting and switching algorithms should be able to detect the

reliability and availability of sensors to choose a more reasonable fusion mode for

the testing van. The picked field trial scenario provides a complex environment

consisting of different challenging environments for different sensors to evaluate the

performance of the proposed multisensor navigation system.

5.5 Results, Analysis and Discussion

Figure 5.9 presents the positioning errors in East, North and horizontal for each

sensor used in the field trial. It is easy to see the errors for each sensor are stable

except for GNSS during 4.6s to 4.9s. The positioning errors of GNSS increase

dramatically between 4.6s and 4.9s, which means the measurements of GNSS are

affected by challenging environments or other factors significantly. There is no data

for LiDAR from start to 2.6s, which is caused by not sufficient obstacles within the

surrounding environment. From Figure 5.8, we can observe that the testing van

started from an open area where LiDAR can not collect sufficient measurements

from. The average positioning error of available LiDAR measurements is slightly

greater than that of GNSS measurements and IMU measurements.

The ICC values for both fusion modes (GNSS/IMU and LiDAR/IMU) are shown

in Figure 5.10. They are computed based on the proposed algorithm which is ex-

plained in this chapter. Obviously, when the measurements of LiDAR are unavail-

able within the open area, the ICC values for LiDAR/IMU mode are equal to 0.

Because the proper range of ICC value is between 0 to 1, it means LiDAR/IMU

mode is absolutely unreliable (unavailable) when the value of ICC equals 0. Af-

ter getting available measurements from LiDAR, the ICC for LiDAR/IMU is much

larger. However, the ICC values for LiDAR/IMU mode are still smaller than those

of GNSS/IMU mode except for odd period between 4.6s and 4.9s. That represents

GNSS/IMU mode gets higher reliability and it will be selected as fusion mode ex-

cept for the odd period. By comparing the ICC values with positioning errors of
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Figure 5.9: Positioning errors comparison between sensors

sensors, the odd period with high errors for LiDAR and GNSS are matched to the

detection of ICC values for both modes. In other words, the ICC is able to detect

the reliability of sensors and select the better fusion mode with lower errors.

Figure 5.10: ICC comparison between different modes

91



5.5 Results, Analysis and Discussion

Figure 5.11: Positioning errors comparison between fusion modes

It is shown in Figure 5.11 that the positioning error comparison between fusion

modes. The errors in EAST, North and horizontal of both modes are calculated by

fusion results of GNSS/IMU and LiDAR/IMU, respectively. From the amplitude of

peak errors for odd points, data fusion has reduced the positioning errors for GNSS

measurements. However, the errors of GNSS/IMU fusion during 4.6s to 4.9s are still

significant. LiDAR/IMU mode gets larger errors than GNSS/IMU mode for most

testing periods except the odd duration of GNSS. Matching with ICC values of both

modes, fusion mode with lower errors for each time step can be detected and will

be selected as estimated positions of the vehicle at the movement.

Figure 5.12 presents the reference trajectory of the testing van and the trajectory

estimated by the algorithm proposed in this chapter. The green dots and yellow

dots represent the trajectory from the proposed algorithm estimation and SPAN

sensor, respectively. The red dots are the positions estimated by GNSS/IMU fusion

mode during the odd period, which have been substituted by LiDAR/IMU fusion

mode estimation. Following the ICC selection results shown in Figure 5.10, the

fusion mode will be switched from GNSS/IMU to LiDAR/IMU during 4.6s to 4.9s
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Figure 5.12: Trajectory comparison between proposed algorithm (green), reference
(yellow) and odd estimation (red) on Google Earth

(the period when GNSS measurements are not reliable enough). As the result of

this, according to the trajectories in Figure 5.12, the positioning errors are reduced

significantly by applying the proposed selection and switching algorithm.

It is obvious to find from Figure 5.9 - Figure 5.12 that an unexpected break period

occurs before the end of the field trial. All sensors including GNSS, LiDAR, Xsense

IMU and SPAN IMU lost data during this period. And the measurements of three

sensors are affected after the gap period. All IMU sensors get local clock individually,

so this situation is not caused by GNSS losing timing signals from satellites then

cannot support time synchronization. Because there is no data collected, the ICC

computation is not able to return any value or to make any selection. The reason that

caused this abnormal situation requires further investigations. Inspired by these, in

order to deal with the situation such as power off of all sensors, an emergency block

should be added alongside the selection and switching block in the diagram in Figure

5.1.

A primary algorithm for the emergency situation is presented in Figure 5.13.

After getting no data from all sensors, an alert message should be sent to the user

immediately for emergency actions such as switching to manual driving. The posi-
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Figure 5.13: Algorithm for emergency aiding

tions for the next epoch will be computed based on the last available fusion results

including position, velocity and acceleration. Constant acceleration dynamic equa-

tion will be used until at least one sensor can work properly. However, the emergency

aiding algorithm can only be applied for short seconds because of uncertainties. Fur-

ther research and experiments should be done to update and implement the primary

version of emergency aiding algorithm.

5.6 Summary

In this chapter, a mode-switching algorithm applied multisensor positioning system

is described. Three sensors are utilized including GNSS receiver, IMU and LiDAR.

A selection and switching algorithm for GNSS/IMU and LiDAR/IMU fusion modes

under different environments is developed. By computing ICC values of both fusion

modes, a more reliable fusion combination is selected for position estimation. Error

state based Kalman filter is used for data fusion. A field trial based on the equipped

testing van has been designed and made in the scenario consisting of open area

and tunnel. The measurements of GNSS and LiDAR can be affected under tunnel

and open area, respectively. According to the results presented in this chapter, the

proposed multisensor positioning system is able to switch fusion modes according to

different challenging environments and fuse data from more reliable sensors to get

more accurate estimations.

An unexpected break off of all sensors occurred during the field trial. Even

though the proposed system can be evaluated by the rest data of sensor, the break-off

period needs further investigation such as the reasons to contribute to the situation

and solutions for them. A primary stage of emergency aiding algorithm is designed
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which requests further modification and evaluation to be implemented in the future.

Other testing vehicles are expected in future field trials for V2V (vehicle to vehicle)

communication and building of the vehicular network. Additionally, more complex

scenarios such as intersection with multiple entrances and dense urban area should

be involved for field trial, which could provide more completed analysis results for

the proposed multisensor selection and fusion system.
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Chapter 6

Conclusion and Future Research

In modern traffic systems, traffic safety and traffic congestion have been the most

critical problems. According to the data listed in this thesis, serious losses have been

caused by vehicle accidents and traffic jams during past years, such as road traffic

collision deaths, economic damages and extra time consumption. Vehicular commu-

nication which could share driving information of vehicles with each other is one of

the effective solutions for these problems. GPS is a major and common navigation

system which can provide positioning information for vehicles within the vehicular

network. However, the positioning accuracy and precision of GPS can be affected

by numerous factors such as multipath effects, time-varying ionospheric irregulari-

ties and signal attenuation caused by tunnels or skyscrapers in the urban area. As

for multisensor system which is supposed to be more robust and accurate when es-

timating PNT information of vehicles, various challenging traffic environment can

also bring influence on different sensors.

In order to deal with the mentioned problems, several innovative schemes and

algorithms are proposed in this thesis. A reliable spatio-temporal model using ve-

hicular communication system is developed to reduce vehicle accidents and increase

traffic throughput within roundabout and crossroad scenarios. An ICC based GPS

positioning optimisation algorithm is applied in a GPS/IMU multisensor naviga-

tion system. The experiment results illustrate that the positioning errors caused

by unreliable measurements can be decreased after using the proposed algorithm.

Moreover, a three-sensor navigation system is designed, which contains reliability

detecting and selecting model. By applying the proposed algorithm, vehicles can

detect the reliability of sensors and select more reliable fusion modes under complex
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challenging environment.

6.1 Conclusion

The thesis explained a spatio-temporal model for roundabouts and road intersections

using vehicular communication system firstly. The traffic scenario is divided into

segments with unique numbers, which means the trajectories of vehicles can be

expressed by a string of numbers. The reliability of GPS observation is used to

evaluate the measurements and to derive the confidence circle. Trajectories and

sizes of confidence circle of vehicles are processed by a central controller. In this way,

vehicles can go through the scenario following the received basic safety messages from

central controller. The conventional traffic management (traffic controlled by traffic

lights), proposed ITM without confidence circle (ITM) and ITM with confidence

circle (ITMCC) are simulated based on different traffic influx levels. In order to

evaluate the traffic efficiency, three aspects are concerned, which include the number

of cars processed, the total stop time of cars and the average velocity of cars. As for

the evaluation of safety levels, number of vehicle accidents and number of simulations

with accidents are compared. The simulation results show that compared with

conventional traffic management, the proposed ITM with/without confidence circle

can increase the traffic efficiency dramatically. After adding a confidence circle

around vehicles, the efficiency of traffic is affected because each vehicle occupied more

segments during driving. Although the traffic efficiency of ITMCC is marginally

lower than that of ITM by applying a safety buffer, it is still vastly more efficient

than conventional management. The safety level simulation results denote that

the number of collisions and possibility of vehicle accidents drops dramatically due

to the application of confidence circle. Overall, by sacrificing the traffic efficiency

minimally, ITMCC can gain additional safety remarkably. And the throughput

of ITMCC is significantly improved comparing with the conventional traffic light

management.

In order to improve the GPS positioning under challenging environments, intra-

class correlation coefficient is applied to evaluate the reliability of GPS measurements

before data fusion. The difference of pseudorange and carrier phase between two

adjacent epochs, as well as the carrier-to-noise ratio are used as ’subject’ for ICC

evaluation. The measurements with lower ICC values than the preset threshold
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will be filtered. And measurements from IMU are fused with pre-processed GPS

measurements by loosely coupled integration for further improvement of positioning

performance. A trolley test has been done under a specific scenario within university

campus, multipath environment. A low-cost IMU and a USRP-based GPS receiver

are equipped on the trolley. The experiment results denote that computing ICC is

able to detect the GPS measurements which are not reliable enough. By filtering

the measurements with low reliability, the positioning errors of GPS are decreased in

East, North and Up of local frame. Especially for positions with large errors which

are caused by challenging environments. Furthermore, fusing with IMU measure-

ments contributes to further lower positioning errors in all three axes of local frame.

Trajectories comparison on Google Earth shows that the proposed positioning op-

timisation algorithm can provide a smoother trajectory with much fewer outliers in

the positioning of trolley.

A three-sensor-based multisensor navigation system has been developed to pro-

vide positioning information of vehicles under various challenging traffic environ-

ment. GNSS, LiDAR and IMU are included in this system. For LiDAR navigation,

a LMS-based line extraction and mapping scheme are used. In order to improve the

robustness, reliability and availability of the navigation system, a mode selecting

and switching algorithm is designed. Two fusion modes including GNSS/IMU and

LiDAR/IMU are switched between each other for utilizing data from different sen-

sors. The selecting and switching algorithm computes the reliability of both modes

at each time step and decide which fusion mode should be used. After the selection

and switching have been implemented, an error-state-based Kalman filter is utilised

for data fusion to estimate the positions of the vehicle. A field trial has been done to

evaluate the proposed navigation system. The testing van is equipped with GNSS

receiver, IMU, LiDAR, NovAtel SPAN, laptop, antenna and accumulator. A real

traffic scenario consist of open area and under bridge tunnel is picked as the testing

scenario. The results of field trial proved that the performance of GNSS and LIDAR

could be affected by environment significantly, and the proposed selecting algorithm

can detect the unreliable measurements correctly and switch the fusion mode to

the combination with higher reliability. By applying the proposed multisensor nav-

igation system on-board, the van can be adjusted using selection of fusion modes

according to environment introduced noise, which means more reliable estimation

can be taken to derive more accurate and precise PNT information for vehicles.
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6.2 Future Work

There are some research and work expected to be implemented based on the achieve-

ments in this thesis.

Manual vehicles without on-board units, sensors and vehicular communication

equipment are not concerned in the proposed ITM protocol. It is necessary to

be focused on, particularly the hybrid situation which includes both autonomous

vehicles and ordinary vehicles. Furthermore, the ITM protocol does not involve the

size of vehicles driving in the scenario. How to merge the different vehicle size and

confidence circle should be one of the works in the future.

More sensors such as high-resolution camera could be included in multisensor

navigation system for optical sensor based navigation in GNSS-denied environment.

With the increasing size of information transmitted within the network, the dedi-

cated frequency band for vehicular communication at 5.9 GHz may be insufficient

in the future. Cognitive radio could be used to sense and use unoccupied licensed

channels at other frequencies, which is a potential approach to release the pressure

of frequency band usage and to improve the utilisation efficiency of channels.
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