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Abstract

The integrity of the positioning system solution can be defined as a measure of trust one

can put in the value of the estimated position. Some authors have called it “a guarantee of

safety”. Due to the safety implications, the Global Navigation Satellite Systems (GNSS)

position integrity monitoring was first used in civil aviation. Integrity has become a key

performance metric for Intelligent Transport Systems (ITS) given the ongoing efforts to

develop more robust integrity monitoring algorithms for land-based applications in GNSS-

challenged environments.

However, “a guarantee of safety” cannot be given without any risk of misleading informa-

tion associated with it. This risk exists due to the different error sources that impact the

GNSS signals and needs to be up to a specified tolerable level that differs depending on

the application.

Any integrity monitoring algorithm proposed for ITS needs to be able to deal with prob-

lems specific to the urban environments: reduced measurement availability, satellite/user

geometry and presence of large errors such as multipath. The algorithm proposed in this

research is based on a robust, multi-sensor and cooperative positioning system with the

Particle Filter (PF) as the underlying position estimator.

This research proposes three novel integrity monitoring algorithms built on Bayesian Re-

ceiver Autonomous Integrity Monitoring (BRAIM). By using BRAIM, the need for mea-

surement redundancy is mitigated. Although, BRAIM (with the PF as the underlying

estimator) tests for different number and different magnitudes of faults through the em-

ployment of multiple particles (i.e., hypotheses), Fault Detection and Exclusion (FDE)

is added to BRAIM. FDE is added to remove the impact of large biases on the a pos-

teriori distribution used to bound the integrity risk estimate. This results in a novel

FDE+BRAIM algorithm. In order to decrease the estimated integrity risk, a Spatial Fea-

ture Constraint (SFC) algorithm is implemented to constrain solutions to feasible locations

within a road feature. By integrating SFC and BRAIM, the second novel algorithm is pro-

posed: SFC+BRAIM. Lastly, a combination of both novel algorithms is proposed: the

FDE+SFC+BRAIM algorithm. The performance of the proposed algorithms was evalu-

ated for GPS only, multi-sensor and distributed cooperative data. The best performance

is achieved by cooperative SFC+BRAIM. That method achieved the median probability

of misleading information of 5.84 · 10−9/epoch for the horizontal alarm limit of 5 m and

integrity risk of 1 · 10−7/epoch.
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1
Introduction

This chapter motivates the research presented in this doctoral thesis. Firstly, Intelligent

Transportation Systems (ITS) are defined and how the meaning of ITS evolved in recent

years is explored. Special focus is put on today’s understanding of ITS and technologies it

can rely on. These include Global Navigation Satellite Systems (GNSS), multi-sensor and

cooperative solutions. Given that ITS typically rely on a position estimate, the concept

of position integrity, as the main metric of safety, is introduced. Challenges for position

integrity in urban environments and its importance are presented in the following section

using two representative examples: toll charging and anti-collision systems. Outcomes and

contributions are formalised following the definition of research aims and questions.

1
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1.1 Motivation

For over 100 years, people have been trying to use intelligence to improve the safety of

transportation systems. In the early 20th century, the first electric traffic signal was de-

ployed in 1914 in United States of America (USA), and the first parking meter was deployed

in 1935 [1]. These events marked the beginning of the modern Intelligent Transportation

Systems (ITS). However, the actual term ITS was not used before the early 1990s when it

replaced the USA’s Intelligent Vehicle Highway Society (IVHS) to de-emphasise the focus

on vehicle guidance technologies [1]. With the economic downturn in the 2000s, the focus

of ITS development turned to increasing efficiency of the highway systems and vehicle

fleets. The full timeline of ITS development throughout history is available at the United

States Department of Transportation website1. Given this brief historical overview, it can

generally be said that the main goal of the ITS has been to make transportation safer

and more efficient. Thus, ITS can be defined as “operational systems of various technolo-

gies that, when combined and managed, improve the operating capabilities of the overall

system” [1].

When talking about ITS today, we mainly focus on applications involving automated

vehicles. Automated vehicles include all vehicles where input from drivers is not necessary

for certain safety-critical and payment-critical functions such as anti-collision systems and

toll charging. They may also be autonomous, meaning that they operate solely based

on vehicle sensors, or connected, meaning they operate in a distributed network with

other vehicles, participants in the traffic or the infrastructure [1]. Six levels of driving

automation have been defined in [2]. The levels range from Level 0 which refers to no

driving automation, through Level 2 which means partial driving automation, all the way

to Level 5 — full driving automation, which entails no expectation that a user will have

to intervene.

With the current understanding of ITS, in addition to developing robust positioning sys-

tems capable of achieving required accuracy levels, the focus of researchers has moved to

position integrity. From the safety point of view, it is the most important metric of per-

formance [3]. Position integrity can be defined as a measure of trust one can put into the

correctness of the position their positioning system is reporting [4]. The position integrity

answers a question — “How much trust can I put into the reported position and what is

1https://www.its.dot.gov/about/HistoryITS Timeline.pdf (accessed 22.01.2021.)

https://www.its.dot.gov/about/HistoryITS_Timeline.pdf
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the probability of my system failing?” The answer to that question has become increas-

ingly important as the stakes of different liability- and safety-critical applications became

higher. Hence, integrity monitoring algorithms are being developed in order to alert the

user based on the processes of fault detection and exclusion and integrity estimation [5].

Before going into position integrity and its challenges, we must mention the state of the

positioning technologies that are the basis of any integrity algorithm. The majority of to-

day’s ITS applications are supported by a multitude of technologies, among which Global

Navigation Satellite System (GNSS) makes one of the essential parts of existing and fu-

ture technologies. According to the European GNSS Agency’s (EGSA) report from 2019

(see [6]), GNSS technology will grow from e 150 billion in 2019 to e 325 billion in 2029.

Figure 1.1 shows the percentage of revenue attributed to each of the applications. 55% of

revenue will be generated from the road sector, which mainly includes In-Vehicle Systems

(IVS), applications regarding automated vehicles and fleet management. The other large

portion of the revenue is attributed to the consumer solutions including GNSS receivers

used by smartphone and tablet devices. This figure indicates the potential GNSS technol-

ogy has in terms of market growth, especially in terms of the development of automotive

applications.

Figure 1.1: Share of cumulative GNSS revenue from 2019 to 2029 (as in [6]).

Another study showing the potential of GNSS technologies such as Satellite Based Aug-

mentation Systems (SBAS) was conducted in Australia.1 This study started in late 2016

and demonstrated the potential financial and performance benefits for Australia and New

Zealand in ten industry sectors, including the road sector. The same study cites 1.1 billion

AUD in economic benefits for the road sector over 30 years as a result of the deployment of

SBAS for Australia and New Zealand. This amount takes into account an estimate of the

1https://frontiersi.com.au/wp-content/uploads/2018/08/SBAS-Test-bed-Overview-Report.pdf
(accessed 22.01.2021.)

https://frontiersi.com.au/wp-content/uploads/2018/08/SBAS-Test-bed-Overview-Report.pdf
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economic benefits resulting from a reduction in fatalities and serious injuries arising from

enhanced cooperative ITS.1 However, the road sector test-bed has shown that a fusion of

different positioning technologies is necessary for connected and automated vehicles. This

need results from rapid changes in the road environment, which impacts any satellite-based

solution, including the SBAS.

Given the challenges of the road environment, the majority of today’s solutions are based

on multi-sensor fusion. Traditionally, the fusion of GNSS and Inertial Navigation System

(INS) has been implemented to solve the problem of position estimate availability during

periods of GNSS outages. In urban environments, the prolonged period over which GNSS

is unavailable means that the algorithms cannot cope with the accumulation of errors

typical in low-cost INS [7, 8]. Given that some of the ITS applications require at least

0.7 m accuracy at 95% confidence level to position a vehicle within the lane, INS/GNSS

integration may not be sufficiently accurate [9, 10]. Therefore, an alternative approach for

estimating position in complex urban environments is needed. Multi-sensor solutions can

be built on the fusion of GNSS with different sensors such as Radio Detection and Ranging

(RADAR), Light Detection and Ranging (LIDAR), visual sensors (i.e., camera) and rang-

ing sensors like Ultra Wide-Band (UWB) radios or Dedicated Short Range Communication

(DSRC) devices [11–13].

While INS/GNSS integration was sufficiently good for improving position availability and

accuracy, constant position estimation availability is now not the only relevant issue for

ITS applications. The problem of integrity came to the forefront with the appearance of

applications that require a certain degree of automation. Technologically, we are at the

point where a system capable of achieving any required accuracy levels (although, at a

cost) is easily designed. When it comes to applications such as automated vehicles, it is

not enough to have a system capable of achieving required levels of accuracy with 99%

confidence. As accuracy cannot be estimated for real-time applications, an additional

measure is needed. Consequently, a measure of position integrity became relevant for

road applications as it did previously for the civil aviation in the 1980s due to its safety

implications. This thesis will tackle the development of robust positioning and integrity

algorithms more appropriate for challenging road/urban environments. As a result, I will

focus on three performance parameters — integrity accuracy, and availability.

1https://frontiersi.com.au/wp-content/uploads/2018/08/SBAS-Economic-Benef its-Report.pdf
(accessed 22.01.2021.)

https://frontiersi.com.au/wp-content/uploads/2018/08/SBAS-Economic-Benefits-Report.pdf
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1.2 Need for integrity

This section aims to explain the practical importance of integrity monitoring on two ex-

amples representative of liability-critical and safety-critical ITS applications.

As their name suggests, Liability-Critical Applications (LCA) are those where a failure

to correctly position a vehicle or a user can lead to economic and legal repercussions

[14]. Some of the examples include fleet management, pay as you drive insurance and toll

charging [4, 14]. In the case of toll charging, failure to correctly position a vehicle can lead

to undercharging or overcharging. The former means loss of revenue and the latter affects

the user [15]. Figure 1.2 is an example of overcharging where the vehicle is inaccurately

placed on a more expensive road. The road authorities do not want to overcharge the users

and be liable for that, but also, they do not want to charge less than they are entitled to.

One of the ways to alert the user or the authority that the reported positions are not to be

trusted is through integrity monitoring algorithms that bound the maximum acceptable

rates of undercharging and overcharging.

Figure 1.2: Toll charging example.

Safety-Critical Applications (SCA) are those where a failure to correctly position a vehi-

cle can cause harm to humans, cause loss of human life or damage the environment [14].

Examples of those applications are autonomous driving, Advanced Driver Assistance Sys-

tems (ADAS) such as automated lighting, adaptive cruise control, lane-keeping, automate

braking or anti-collision systems [4, 14]. Anti-collision systems are clearly an SCA that
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can lead to more serious consequences such as injury. Since positioning accuracy is un-

known, position integrity estimate is necessary. In this example, due to undetected faulty

positions, the user can either unnecessarily brake (i.e., false alarm) or not brake when it is

necessary (i.e., missed detection) as shown in Figure 1.3. With the former case being less

dangerous, neither one of these cases is desirable. As in the previous example, position

integrity is needed to bound the rates of misleading information and warn the user when

the system is not to be trusted.

Figure 1.3: Anti-collision example.

1.3 Urban environment

The urban environment is commonly addressed as a GNSS challenging environment when

it comes to the performance of GNSS. This section discusses why the urban environment

is considered a GNSS challenging environment. As mentioned, robust positioning systems

capable of achieving high position accuracy in an urban environment are available and no

longer remain the main focus of researchers. Furthermore, estimation availability in urban

environments has been resolved by fusing INS and GNSS. However, position integrity

estimation and integrity monitoring remain problematic for road applications, especially

the urban environments such as urban canyons.

This is important for integrity since classical GNSS integrity methods were first developed

for civil aviation. In an urban environment, GNSS error sources are different from those
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of civil aviation. Consequently, there are associated difficulties of directly implementing

such algorithms for urban environments.

Four main problems of using GNSS in urban environment are [16]:

1. Reduced satellite availability,

2. Deteriorated satellite/user geometry,

3. Multipath, and

4. Non-Line-Of-Sight (NLOS) signal reception.

Figure 1.4 illustrates these problems. Due to the inability of satellite signals to propagate

through obstacles such as trees and buildings, the number of available satellite measure-

ments is affected and in some cases, to the point that no satellites are available. However,

this is rarely the case since multi-GNSS (more than one satellite constellation) receivers

are available. If the number of satellites is reduced, by default, satellite/user geometry

deteriorates (denoted as (1) and (2) in the figure). For example, in an urban canyon,

only a small number of satellites with high elevation angles will be available. Multipath

happens when a satellite signal arrives at the receiver via more than one path because of

the reflections from surfaces such as buildings and other vehicles [16]. Multipath usually

refers to the satellites that are in direct Line-Of-Sight (LOS) of the user (denoted as (3)

in the figure). If the satellite signal is received from a satellite that is not visible to the

user, an NLOS signal reflected from surfaces such as buildings can be received (denoted

as (4) in the figure).

Figure 1.4: Challenging environment.
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The majority of integrity methods designed for urban environments try to address one

or more problems. Usually, to improve measurement availability, multi-sensor systems

are used instead of stand-alone GNSS. In addition to integrity estimation, as part of

the integrity monitoring process, different fault detection and exclusion techniques are

deployed to deal with large biases such as multipath. Because of the complexity of the

environment where error sources are rarely stationary, it is difficult to model the errors

[17]. A solution that addresses all listed issues has not been proposed yet. Examples of

this can be found in the existing literature and will be further discussed in Chapter 2.

1.4 Research aim and questions

This research aims to develop an integrity algorithm able to deal with problems specific

to the urban environment: reduced measurement availability, satellite/user geometry and

presence of large errors such as multipath. The proposed algorithm will be based on a

robust positioning system as a prerequisite to integrity. Furthermore, this research aims

to provide a generalised solution independent of the application and its requirements.

The main research question of this thesis is — How can the positioning and integrity

solution for ITS applications in the urban environment be improved?

To answer this question, more specific questions were defined in order to build upon each

other. Each of these research questions has been answered in the thesis in specific chapters

and sections.

1. What positioning system and algorithm will be the basis of the proposed integrity

algorithm? — Chapter 3 and Chapter 4.

2. What level of integrity is achievable with an existing integrity method for stand-alone

GNSS and multi-sensor solution? — Chapter 3.

3. Given the identified problems of the existing integrity algorithm in the urban envi-

ronment, what algorithm can be proposed? — Chapter 5.

4. What is the best achievable integrity for multi-sensor and cooperative systems based

on a Particle Filter? — Chapter 6.
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1.5 Outcomes and contributions

In line with the previously listed research questions, outcomes and four major contributions

of this research can be articulated.

Because of the challenges of the urban environment, before proposing the integrity algo-

rithm, a positioning algorithm capable of achieving the required positioning performance

had to be designed. Theoretically best achievable performance was determined for simu-

lated stand-alone GNSS, multi-sensor and Cooperative Positioning (CP) system, through

analysis via the Posterior Cramér Rao Bound (PCRB). This analysis was done for a com-

monly used algorithm for sensor fusion — the Extended Kalman Filter (EKF). Having

fused GNSS measurements and terrestrial range data for multi-sensor and CP, appropriate-

ness of linear approximation came into question. When it comes to GNSS measurements,

a linear approximation is a good approximation because of the distance from the receiver

to the GNSS satellites. This approximation may not be appropriate and may impact the

positioning and integrity performance when it comes to terrestrial ranges. Furthermore,

the problem of making Gaussian assumptions had to be addressed. Although common,

this assumption may not be appropriate for systems that are expected to provide high ac-

curacy and high integrity results. Before this, the impact of the linear approximation and

Gaussian assumption was unknown in the context of positioning with terrestrial ranges.

To encompass all of these challenges, the performance of the multi-sensor EKF and the

Particle Filter (PF) positioning algorithms is analysed on real-world data. Based on those

results, a decision is made to use the multi-sensor and cooperative PF as the underlying

position estimator to the proposed integrity algorithm.

The first major contribution of this research is the experimental analysis of posi-

tioning systems and algorithms and consequently, the proposed distributed cooperative

PF based on the fusion of terrestrial range measurements, GNSS raw measurements and

shared positions between vehicles.

Before going into the design of the integrity algorithm, the performance of the classical

integrity method from aviation is tested on real-world GPS data. This is done to exper-

imentally demonstrate the problems of implementing such algorithms in different urban

environments: highway, urban canyon, suburban area and open-sky environment. The

results confirmed the hypothesis that the algorithms designed for aviation are not suitable
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for critical road applications due to the reduced measurement availability, reduced satel-

lite/user geometry, and the presence of large errors. Furthermore, problems of implement-

ing Receiver Autonomous Integrity Monitoring (RAIM) methods in the urban environment

are identified. Firstly, having an algorithm that depends on having sufficient measurement

redundancy in the urban environment is not ideal as measurement redundancy cannot be

guaranteed. A proportional increase in the estimated integrity bound arising from a de-

terioration in satellite/user geometry is not ideal in an environment where satellite/user

geometry rapidly changes. The drawbacks of implementing classical integrity algorithms

in the urban environment have been described and the future integrity algorithm will need

to mitigate some of these.

The second major contribution of this research is the use of multi-sensor fusion and

CP to mitigate the environmental impact on integrity estimation.

The previous two contributions have served as a starting point in the process of designing

a novel integrity algorithm. As mentioned, because of the non-linearity of the proposed

positioning system, the PF was chosen as the underlying position estimator of the integrity

algorithm. PCRB results and analysis of the classical integrity techniques lead to the

proposal of multi-sensor and CP solutions. Given this, Bayesian Receiver Autonomous

Integrity Monitoring (BRAIM) from [18] was identified as a potential algorithm to be

the basis of the novel integrity algorithms. BRAIM was originally defined for stand-

alone GNSS and tested on simulated data. In this research, the expansion to the multi-

sensor system and CP system is proposed. The main benefits of BRAIM are the fact that

sufficient measurement redundancy is not a requirement for integrity estimate availability,

the integrity estimate does not depend on the unstable network geometry nor the number of

measurements. Consequently, an integrity estimate is always available (good or bad) unlike

for classical RAIM methods where integrity estimate cannot be available if a sufficient

measurement redundancy requirement is not met. Implementation of multi-sensor and CP

BRAIM addresses the first two problems of using GNSS in the urban environment from

Section 1.3. To mitigate the impact of large biases on the a posteriori distribution used to

estimate the integrity, Fault Detection and Exclusion (FDE) is added to BRAIM. This is

done, even though BRAIM and PF test for a different number and different magnitudes of

faults through the employment of multiple particles (i.e., hypotheses). With this, a novel

FDE+BRAIM was proposed. BRAIM algorithm does not assume any prior knowledge

of the environment (e.g., 2D or 3D maps). Since vehicles are driving on roads, it is

common to use such knowledge to improve the positioning and integrity performance by
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employing methods such as Map Matching (MM). Similarly, Spatial Feature Constraint

(SFC) algorithm is proposed to eliminate the particles (i.e., hypotheses) that are not within

the spatial feature (i.e., road), and re-weight the particles bounded by the spatial feature.

This resulted in a novel SFC+BRAIM algorithm. Lastly, a combination of both novel

algorithms is proposed — FDE+SFC+BRAIM algorithm. All three algorithms partially

solve the problem of large biases present in the measurements but do not specifically

solve the last two problems of using GNSS in the urban environment from Section 1.3.

Unlike any other method found in literature, the performance of BRAIM and three novel

algorithms are tested for both the Gaussian and non-Gaussian distribution assumptions.

The results will indicate the key role of a better approximation of the terrestrial range

error distribution and how it affects the integrity estimate.

The third major contribution of this research are the three novel integrity algorithms

implemented and validated on real-world data — FDE+BRAIM, SFC+ BRAIM, and

FDE+SFC+BRAIM. It is to be noted that these algorithms are not specific to certain

sensors as the integrity is bounded by the a posteriori distribution. As a result, there is

potential to add additional sensors to the solution without having to adapt the integrity

method. The proposed algorithms are not tailored to a specific ITS application. The

proof-of-concept of combining FDE and SFC with BRAIM was shown for specific methods.

However, any FDE or SFC method can be used. In that sense, the proposed algorithms

are customisable.

Finally, the fourth major contribution of this research is the first distributed, fully

connected cooperative position integrity method where the integrity measure is simulta-

neously estimated based on all the measurements involved in the measurement model.

1.6 Thesis structure

This thesis is structured as follows. Chapter 2 provides a background of integrity moni-

toring from its start in civil aviation to ITS applications. Special consideration is given

to different autonomous integrity algorithms and their application in the urban environ-

ment. This chapter provides the necessary state-of-the-art of integrity for automotive

applications and lays out the necessary steps to address the identified problems.
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Integrity systems requirements in the urban environment will be defined in Chapter 3.

This includes the analysis of the positioning and position integrity capabilities of the pro-

posed multi-sensor and cooperative positioning systems. The theoretically best achievable

performance of multi-sensor and cooperative positioning is tested. Furthermore, position

integrity is tested in different urban environments with a demonstration of multi-sensor

integrity capabilities. As part of the analysis of integrity system requirements, this chap-

ter proposes and presents data collection campaign necessary for the initial algorithm

validation.

It is important to address the chosen positioning system before the actual position in-

tegrity algorithm. In this thesis, the positioning system is treated as a prerequisite. It

is important to have a positioning system that can achieve accuracy levels superior to

the required levels of position integrity. Chapter 4 presents the chosen multi-sensor and

cooperative positioning system based on the PF. Before that, a comparison of EKF and

PF performance is done for the multi-sensor system where the assumption of Gaussianity

and linear approximation are tested.

Chapter 5 introduces the BRAIM algorithm and three novel position integrity algorithms.

Each of the novel algorithms is built upon BRAIM and addresses a certain problem.

BRAIM is chosen as the underlying integrity algorithm as it does not require sufficient

measurement redundancy to estimate integrity. The first novel algorithm fuses BRAIM

with FDE to eliminate the effect of faulty measurements. Furthermore, FDE’s exclusion

is not constrained by a sufficient measurement redundancy requirement. The second pro-

posed algorithm fuses BRAIM and SFC to further remove the effect of faulty measurements

and to decrease the integrity risk. Finally, the third novel algorithm combines SFC and

FDE.

The performance of the proposed algorithms is tested and presented in Chapter 6. Firstly,

a comparison of different positioning systems (i.e., stand-alone GPS, multi-sensor, CP) for

classical RAIM and BRAIM is provided. The following section presents the performance

of the novel algorithms applied for different positioning systems, different integrity require-

ments and for different error distributions. The chapter is concluded with the utility study

of the SFC approach.

Chapter 7 summarises and discusses the major findings of this thesis. The discussion also

includes the analysis of limitations and the plans for future work.



2
Background

In addition to providing the literature overview of the integrity algorithms for ITS appli-

cations, this chapter provides a brief background overview of GNSS integrity monitoring.

The theme of the chapter is built up from the formation of the Integrity Working Group

in 1986 which defined integrity in a context of GPS in civil aviation, through the existing

integrity methods and how integrity became relevant in other applications, all the way

to the state-of-the-art of integrity monitoring in the urban environment. Three different

GNSS integrity systems are introduced: Satellite-, Ground- and Aircraft-Based Augmen-

tation Systems. Furthermore, integrity monitoring in different environments/applications

is described: civil aviation, maritime, railway and land-based applications. Finally, going

from a high-level definition of integrity monitoring in different environments, the main

focus is on integrity for ITS applications in the urban environment from the point of view

of used technologies — stand-alone GNSS, multi-sensor and cooperative positioning.

13
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2.1 Introduction: Definition of integrity

The Integrity Working Group, formed in April 1986 by the Radio Technical Commission

for Aeronautics’ (RTCA’s) Special Committee-159 (SC-1592), defined integrity monitoring

as “the ability of a system to provide timely warnings to users when the system should

not be used for navigation” [19]. Similarly, [5], defined integrity monitoring (IM) as a

capability to detect faults, exclude faults, and raise a timely alarm if the positioning

system is deemed unsafe.

In a report by the European GNSS Agency [4], integrity was defined as a “general perfor-

mance feature referring to the level of trust a user can have in the value of a given position

or velocity as provided by a location system.”

It is important to differentiate IM and integrity. As defined, IM is a capability to alert

the user based on the processes of fault detection and exclusion, and integrity estimation.

Integrity is a performance metric used to inform the IM about the level of trust.

The author of [20] writes that, practically, integrity means “a guarantee of safety”. As

such, GNSS position integrity was first used in civil aviation [3, 19, 21]. Integrity has

now become a key performance metric for ITS [5] given the ongoing efforts to develop

more robust IM algorithms for road-based applications in GNSS-challenged environments

[17]. However, a “guarantee of safety” cannot be given without any risk of misleading

information associated with it. This risk exists due to the different error sources that

impact the GNSS signal and needs to be up to a specified tolerable level that differs

depending on the application.3

With that in mind, this chapter provides the background to the problem of GNSS IM and

integrity estimation. Firstly, the definition of commonly used terms in the IM algorithms

is given. Then, a brief overview of different GNSS integrity systems is provided, followed

by the overview of different applications and their requirements. This is done for civil

aviation, maritime, railway and land-based application. The fourth section presents two

classical integrity algorithms and introduces how IM algorithms usually work. The fifth

This chapter (other than Section 2.1.1) is the extended version of a paper entitled Multi-sensor and
cooperative integrity for ITS: A review of literature. It has been submitted for publication to The Journal
of Navigation in January 2021.

2https://www.rtca.org/content/sc-159
3This paragraph has been adapted from a paper entitled Case study of Bayesian RAIM algorithm

integrated with Spatial Feature Constraint and Fault Detection and Exclusion algorithms for multi-sensor
positioning ([22] in the bibliography) first published in Navigation, Journal of Institute of Navigation in
Summer 2021.

https://www.rtca.org/content/sc-159
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section is the main contribution of this chapter. It provides the literature review of the

state-of-the-art of different implementations of the IM algorithms for ITS applications with

a focus on urban environments. The structure of this chapter is graphically represented

in Figure 2.1.

Figure 2.1: Chapter 2 structure.

It should be noted that, in the context of this thesis, “integrity” means position integrity.

Themes such as spoofing, jamming or protecting against adversaries are out of the scope

of this thesis.

2.1.1 Definition of important terms

This section defines some commonly used terms related to the IM. Used definitions are

taken from [4]. According to [4], for each application, five key performance metrics need

to be defined: integrity risk, protection level, alarm limit, time to alarm and continuity

risk.

Integrity Risk (IR) or pIR can be defined as a “probability that, at any moment in a

certain reference time interval, the position error (PE) exceeds a confidence interval” [4].

IR is the inverse of integrity and is often used to specify the integrity [23].

That confidence interval can be called Protection Level (PL). The PL can be defined

as in [18] as a “ radius of an interval (of a circle in a plane), with its centre being at

the true position, which describes the region which is assured to contain the estimated

Details of Section 2.1.1 are part of the paper Integrity risk estimates for multi-sensor and cooperative
positioning systems. It is in a process of revision following peer review by IEEE Sensors Journal.
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quantity” with probability 1−pIR. It can be said that the estimated position solution (by

the positioning system) is bounded by the PL (estimated by the integrity algorithm) with

the probability of 1− pIR.

According to [4], the Alarm Limit (AL) can be defined as “a radius of an interval (of

a circle in a plane), with its centre being at the true position, which describes the region

which is required to contain the indicated position with a probability 1− pIR.” Definition

of the AL is similar to the one of the PL, with a key difference. While the PL is estimated

by an algorithm like RAIM and represents a confidence interval that assures the user

that the position is within a certain value, AL requires user’s position to be within a

certain value.Given that the user’s PE is unknown in real-time, the integrity algorithm

estimates the PL with the probability of containing the estimated position 1 − pIR. If

the estimated PL exceeds AL, an alarm should be raised. Hence, the name alarm limit.

The difference between AL and PL is graphically shown in Figure 2.2 for an ideal case

where PL successfully assures the user that the PE is bounded by it. Given that the PL

is bounded by the AL, the alarm is not raised. While the other parameters defined in this

section are key performance requirements, PL is commonly estimated by algorithms such

as RAIM.

Figure 2.2: Graphical representation of AL and PL definitions under the perfect scenario
(i.e., PE < PL < AL).

The Time To Alarm (TTA) is the “maximum allowable time elapsed from the onset of

the estimation system being out of tolerance until the equipment enunciates the alarm”

[4]. In the context of integrity, “out of tolerance” means that estimated PL exceeds the

minimum required AL.

The Continuity Risk (CR) can be defined as the “probability that, at any moment and

over a specified time interval, the integrity of the estimation system is compromised and

an alarm is raised” [18]. As such, CR is connected with the probability of false alarm (FA)

which is the probability of failure detection when there are none [4].
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As previously stated, IM was defined in [19] as “the ability of a system to provide timely

warnings...”. It could be said that the IM algorithms consist of two main functions:

detecting a problem and timely reporting of a problem. The latter (i.e., TTA) will not

be considered in this research. The main focus of this research will be put on the former,

which leads to the use of AL, IR, CR and PL.

2.2 GNSS integrity systems

The IM service can be provided at a system-level or a user-level [5]. A system-level IM

includes two systems: Satellite-Based Augmentation System (SBAS) and Ground-Based

Augmentation System (GBAS) which rely on satellites, respectively ground based reference

stations. A user-level IM can be called Aircraft-Based Augmentation System (ABAS)

[23, 24]. Some literature such as [17] also denotes ABAS as Airborne-Based Augmentation

System. According to [24], ABAS includes a class of algorithms based on consistency

checking of redundant measurements.

SBASs are regional systems that improve the accuracy of the GNSS measurements and

generate real-time integrity estimates [5]. The space segment is made out of geostationary

satellites that are timed with Earth’s rotation and because of that, appear to be station-

ary with respect to a point on Earth [25]. The geostationary satellites provide ranging

data, integrity data and corrections that are downlinked to the aircraft [16]. The control

segment consists of a ground network of reference stations that monitor satellite signals

and of the master station that processes that data and generates the SBAS message that

is then uplinked to the geostationary satellite [16, 25]. The principle of SBAS is shown in

Figure 2.3a. Some examples of existing SBAS systems are American Wide Area Augmen-

tation System (WAAS), European Geostationary Navigation Overlay Service (EGNOS),

Australian Southern Positioning Augmentation Network (SouthPAN) and Indian GPS-

Aided GEO Augmented Navigation (GAGAN).

GBASs are set up in local areas (e.g., in the vicinity of the airports to support precision

approach service) and like SBASs, they also provide the integrity information. They

consist of ground pseudolites transmitting GNSS-like signals and a reference station that

transmits corrections and integrity data to the aircraft [16, 25]. The principle of GBAS is

shown in Figure 2.3b.
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(a) (b)

Figure 2.3: System-level integrity monitoring (as shown in [25]). a) SBAS. b) GBAS.

The biggest drawback of system-level integrity monitoring is a need for complex and costly

infrastructure [5]. On the other hand, ABAS does not require infrastructure. There are

two ABAS systems: Receiver Autonomous Integrity Monitoring (RAIM) and Aircraft

Autonomous Integrity Monitoring (AAIM) [17, 25]. The most commonly used ABAS

is RAIM. Within the GNSS receiver, the measurement consistency is checked using the

redundancy of GNSS signals [5]. The AAIM makes use of redundant position estimates

from other on-board sensors (e.g., IMU) in addition to GNSS [17].

2.3 Applications and their requirements

All of the systems described in the previous section can also be used for other applications.

As other safety- and payment-critical applications developed to use GNSS for navigation

and positioning, integrity became necessary as one of the performance metrics. This section

will focus on four applications: aviation, maritime, railway and land-based applications

(e.g., automotive), and their integrity requirements.

2.3.1 Civil aviation

Every integrity algorithm developed for civil aviation must adhere to certain predefined

integrity requirements. Defining the performance parameters for civil aviation is supported

by the International Civil Aviation Organisation (ICAO) [3], which has defined minimum

required integrity levels for specific flight phases. As in [3], Table 2.1 shows the integrity

requirements for civil aviation.
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Table 2.1: GNSS integrity requirements for civil aviation [3].

Operation
IR

AL
TTA

pIR [s]

Oceanic 1 · 10−7/hr 22.96 km 120

En-route 1 · 10−7/hr 3.70 km 60

Terminal 1 · 10−7/hr 1.85 km 30

NPA* 1 · 10−7/hr 0.56 km 10

APV* I 2 · 10−7/approach 0.56 km (H)/ 50 m (V) 10

APV II 2 · 10−7/approach 40 m (H) / 20 m (V) 6

Cat.* I 2 · 10−7/approach 40 m (H) / 10− 15 m (V) 6

Cat. II 1 · 10−9/15 s 17.3 m (H) / 5.3 m (V) 1

Cat. III 1 · 10−9/15 s 15.5 m (H) / 5.3 m (V) 1

* NPA - Non-Precision Approach; APV - Approach Procedure with Vertical guidance;

* Cat. - Category

Vertical approaches have been a subject of more intensive research as the majority of

operations are not problematic in a sense of the availability of a method that satisfies

integrity requirement [26, 27].

In addition to the development of methods for vertical approaches, availability of multiple

GNSS constellations has introduced a need for new developments. Although multi-GNSS

data can be utilised to produce a result of better accuracy and greater measurement

redundancy, there is also a higher probability of satellite failure than for GPS only [28].

The availability of multi-GNSS led to the development of Advanced RAIM (ARAIM).

In addition to the existing algorithms and systems, Satellite Autonomous Integrity Moni-

toring (SAIM) algorithms have been proposed [29, 30]. One of the main benefits of SAIM

argued by [29] is the capability of the “reduction of probability of latent space-segment

failures being present in user measurements”. When a failure is detected, SBAS and GBAS

need to determine if it is a result of a satellite failure or there is a different source. SAIM

would enable transmission of immediate warnings to the users when a satellite failure oc-

curred. A further benefit of SAIM over SBAS/GBAS is the distribution of the monitoring

since SAIM would monitor only the integrity of the satellite it is attached to. SAIMs are

designed to be built into or added onto the navigation satellites to monitor the signal as

it is being generated. In terms of RAIM, the SAIM aims to improve user integrity by

providing information about satellite failures before faulty satellites affect the user [29].



Background 20

In this section, I have highlighted some parts of the civil aviation integrity challenges.

There are many more, and a lot of research effort is still put into this. Nevertheless, the

IM of GNSS data in civil aviation has paved the way for the IM in different environments

and for different applications.

2.3.2 Maritime applications

Another application that has to comply with the strict integrity requirements are mar-

itime applications. Those requirements are given in a resolution made by the International

Maritime Organization (IMO). Unlike civil aviation, where requirements for nine different

flight operations are defined, IMO defines requirements for general navigation and spe-

cific positioning applications. Integrity requirements for general navigation are given in

Table 2.2.

Table 2.2: GNSS maritime integrity requirements for general navigation [31].

Operation
IR AL TTA*

pIR/3hr [m] [s]

Ocean 1 · 10−5 25 10

Coastal 1 · 10−5 25 10

Port approach and restricted waters 1 · 10−5 25 10

Port 1 · 10−5 2.5 10

Inland waterways 1 · 10−5 25 10

* More stringent required for ships operating above 30 nm/h

Table 2.3: GNSS maritime integrity requirements for positioning [31].

AL Application

25 m Traffic management, track control, automatic collision avoidance,

search and rescue, oceanography, casualty analysis, fisheries,

recreation and leisure

2.5− 5 m Hydrography

2.5 m Tugs and pushers, icebreakers, cable and pipeline laying, aids to

navigation management, port operations, casualty analysis in port

approach and restricted waters, offshore exploration and exploitation

0.25 m Automatic docking, dredging, construction works, cargo handling*

* TTA = 1 s
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Table 2.3 shows the ALs defined for different applications ranging from less stringent

applications such as traffic management and search and rescue, to the more stringent

applications such as automatic docking. IR and TTA are not shown as they remain

10−5/3h and 10 s, respectively, for all applications.

Clear definition of these requirements is necessary as maritime applications highly rely on

GNSS and GNSS augmentation technologies. A report commissioned by the Australian

Department of Industry, Innovation, Climate Change, Science, Research and Tertiary

Education [32], has presented both the economic and the ecological benefits of using aug-

mented GNSS for maritime applications. For example, GNSS plays a key role in petroleum

transport through the Great Barrier Reef region, which brings Australia AUD 17B. A

significant oil spill would cost in salvage and clean-up around AUD 30M and would have

a damaging impact on industries such as fishing and tourism that bring in AUD 5B per

year. Hence, augmented GNSS can improve the safety of maritime operations and having

a clear definition of the minimum required GNSS performance is key in ensuring all vessels

adhere to the same standards.

2.3.3 Railway

A list of reasons why GNSS has become important in railway has been provided in [33].

There, the authors list cost-driven reasons such as the introduction of intelligent and com-

municating trains and wagons, which improves the service. They also note the technologi-

cal reasons. Europe is currently developing the European Rail Traffic Management System

(ERTMS) which is intended to standardise the technology used and the signalling rules,

which have historically been different for different countries. GNSS is the technology that

will ensure interoperability and increase the capacity of railway lines [33]. Autonomous

positioning of trains will then be enabled, which will have an impact on the safety func-

tions of the train. Some examples of these functions include controlling the speed limit,

controlling the direction, controlling that each train stays within its zone, controlling that

points of different switches on rails are blocked, checking if an object or a person is on the

track, etc. As in civil aviation and maritime applications, the use of GNSS in these safety

functions requires the IM.

According to [34], unlike civil aviation and maritime applications, there are no standard-

ised integrity requirements that all railway users need to adhere to. They cite examples

of requirements that can be found in the literature. Those requirements are shown in
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Table 2.4. Similar ALs have been defined in [33]. There 2 or 5 m, 20 m and 50 m have

been defined for high density, middle density and low density lines, respectively. Similar

ALs have been defined in [35] for corridor/station, non-corridor and regional lines. IRs of

3.5 · 10−7/150s and 2 · 10−7/hr for safety-of-life service have been defined in [35]. This is

less stringent than the ones shown in Table 2.4. However, they also define the IR for local

safety-of-life service as 2 · 10−9/150s, which is more in line with requirements given in the

table. The European Union funded project: ASTRail project1 proposed GNSS minimum

performance requirements in [36]. According to [36], IR of 1 · 10−9/hr is required for all

operations in railway.

Table 2.4: GNSS railway integrity requirements [34].

Operation
IR HAL TTA*

pIR/hr [m] [s]

Main corridor lines, stations 1 · 10−9 or 1 · 10−11
Along: 25

1
Lateral: 2.5

Main and secondary lines 1 · 10−9 or 1 · 10−11 25− 125 1

Regional and industrial lines 1 · 10−9 or 1 · 10−11 50− 125 1

The railway seems to require more stringent integrity requirements than civil aviation and

maritime applications. The railway also faces similar issues of GNSS-challenged environ-

ment (as discussed in Chapter 1), which has resulted in the same need for hybridised

solutions such as the ones proposed in [33] and [34].

2.3.4 Land-based applications

Land-based applications include agriculture, mapping and surveying, location based ser-

vices and road applications. However, when writing about the IM for land-based appli-

cations, the literature refers to the road or ITS applications (e.g., [5]). This is because

other applications do not use GNSS augmentation systems for the IM but for improving

the positioning quality of the GNSS solution.

Similar to the railway, land-based applications do not have an internationally mandated

set of minimum integrity performance requirements. This has resulted in a wide variety

of integrity requirements in the literature (to be demonstrated in Section 2.5).

1https://cordis.europa.eu/project/id/777561

https://cordis.europa.eu/project/id/777561
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EGSA report [4] on the performance and level of integrity for ITS applications has provided

a list of integrity requirements depending on the class of ITS applications: safety-critical

(SCA), liability-critical (LCA) and regulatory-critical (RCA) applications. Some examples

of SCA given in the previous chapter include autonomous driving and ADAS, such as anti-

collision systems. The previous chapter also provided some examples of LCA, such as fleet

management and toll charging. Lastly, the examples of RCA are eCall and navigation of

emergency vehicles [4]. The requirements have also been specified for different categories

of applications: stringent and loose. Although each specific application may require a

different integrity level as seen in maritime applications, the requirements defined in [4] may

help researchers determine the requirements appropriate for their applications. Table 2.5

shows the minimum required integrity levels as shown in [4]. It is to be noted that some

values in Table 2.5 will be used in Chapters 3 and 6 for algorithm validation.

Table 2.5: GNSS integrity requirements for road applications as defined in [4].

IR HAL TTA

Opera- Stringent Loose Stringent Loose Stringent Loose

tion (every 5 (every 10min [m] [m] [s] [s]

category to 150s) to 1h)

SCA
1 · 10−8 1 · 10−7

5− 10 10− 25 1− 6 6− 10
to 1 · 10−7 to 1 · 10−5

PCA
1 · 10−6 1 · 10−4

10− 20 20− 40 6 ≥ 60
to 1 · 10−5 to 1 · 10−3

RCA
1 · 10−5 1 · 10−4

10− 25 25− 50 6 ≥ 60
to 1 · 10−4 to 1 · 10−3

As defined in Chapter 1, this research focuses on integrity and IM for road applications.

The literature review of the state-of-the-art in road applications will be provided in Sec-

tion 2.5. However, to facilitate a better understanding of the described algorithms, Sec-

tion 2.4 will firstly present two existing classical integrity algorithms used for PL calcula-

tion.

2.4 Classical integrity algorithms

According to the reviewed literature (e.g., [37, 38]) and inspired by [17], a high-level

flowchart common to most IM algorithms has been created in Figure 2.4. The figure
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Figure 2.4: Flowchart of classical integrity algorithms consisting of three modules: Fault
Detection (FD), Fault Exclusion (FE) and HPL modules tasked with integrity availability

determination.

shows the process of IM as a three step process consisting of fault detection (FD), fault

exclusion (FE) and Horizontal PL (HPL) calculation, given the sufficient measurement

redundancy. The Fault Detection and Exclusion (FDE) algorithms are intrinsic to the IM

algorithms. They work on a principle of using the measurement residuals to calculate the

test statistic used to determine if faults are present and by eliminating the measurement

with the largest residual. FD and FE will not be explained here, as they will be the focus

of a later chapter.

This section presents two classical integrity algorithms for HPL estimation, designed for

GNSS integrity in civil aviation applications. The first algorithm is formulated in essen-

tially the same way as SBAS and can be found in [37]. The second presented algorithm

is Weighted Least Square Residual (WLSR) RAIM and can be found in [38] and [39]. It

should be noted that all presented algorithms refer to HPL since this research focuses on

the horizontal component of the position. A formulation for calculating Vertical PL (VPL)
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is shown in respective references. Some other classical algorithms are range-comparison

method and solution separation RAIM [21]. [21] shows the equivalence of these two meth-

ods and the Least Squares Residual method given the Gaussian assumption and if equal

alarm rates are chosen.

2.4.1 SBAS Protection Level calculation

The underlying algorithm for position estimation is Weighted Least Squares (WLS). Since

the equations of WLS are well known, the basic equations and their derivations will not

be explained here in detail. More on WLS can be found in [40]. The starting point of the

HPL calculation is setting up the measurement model for WLS position estimation.

∆Z = H∆X + E. (2.1)

∆Z denotes the measurement deviation between the measurements and predicted mea-

surements. ∆X is a state vector (consists receiver’s 3D position and clock bias estimates).

H denotes the measurement matrix generated by linearisation of the non-linear measure-

ment model around predicted (i.e., initial) state vector. H is determined by the geometry

between satellites and the user. E is the measurement error vector. The WLS estimate

∆X̂ of ∆X can then be calculated using

∆X̂ =
[
HTWH

]−1
HTW∆Z. (2.2)

W is a measurement weight matrix often calculated as the inverse of the covariance matrix

Σ (i.e., W = Σ−1). In this case, the covariance matrix is a diagonal matrix with diagonal

elements being the variances of each of the available satellites σ2
j where j ∈ 1, . . . , NS .

Finally, the estimated position can be calculated as X̂ = Xo + ∆X̂.

Given that the ground truth is unavailable during the position estimation process, the

RAIM methods usually depend on the measurement residual which can be expressed as

a deviation between measurements and calculated measurements based on the estimated

∆X̂ as

res = ∆Z −H∆X̂. (2.3)
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After derivation using Equation 2.2, as shown in [39], measurement residual can be ex-

pressed as

res =
(
I −H

[
HTWH

]−1
HTW

)
∆Z,

res = (I −H · S) ∆Z,

(2.4)

where S =
[
HTWH

]−1
HTW . Calculated residuals can be used for implementation of

FDE algorithms. However, the focus of this section is HPL calculation where S matrix

becomes a central part. As shown in [37], HPL can be calculated using the following

equation

HPL = Kffmddmajor. (2.5)

Kffmd is a missed detection multiplier which is defined using the required IR pIR.

Kffmd = −
√

2 · erfcinv

(
2 ·
(

1− 1− pIR
2

))
. (2.6)

erfcinv denotes the inverse complementary error function. This parameter stays constant

for the duration of the experiment. dmajor denotes the 1σ standard deviation of the position

that is to be estimated in the direction of the major axis of the error ellipse. This means

that HPL is estimated for the worst-case horizontal error. dmajor is calculated as follows

dmajor =

√√√√d2
x + d2

y

2
+

√(
d2
x − d2

y

2

)2

+ d2
xy. (2.7)

x and y are horizontal coordinates and can refer to any local coordinate system or grid

reference system. d2
x, d2

y and dxy are the error variances in the direction of the x and y

axis, and covariance between the x and y, respectively. They are estimated by propagating

the measurement variances through the measurement model as shown,

d2
x =

NS∑
m=1

S2
x,mσ

2
m,

d2
y =

NS∑
m=1

S2
y,mσ

2
m,

d2
xy =

NS∑
m=1

Sx,mSy,mσ
2
m.

(2.8)
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Sx and Sy are the x and y elements of the S matrix for satellite m from Equation 2.4.

It should be mentioned, the estimated HPL is proportional to the Horizontal Dilution

Of Precision (HDOP) which is often used in geomatics to quantify the network geometry

quality. In case of GNSS data, network geometry refers to the observed satellite geometry.

HDOP is calculated as,

R =
(
HTH

)−1
, (2.9)

HDOP =
√
σ2
R,x + σ2

R,y. (2.10)

σ2
R,x and σ2

R,y denote the diagonal elements ofRmatrix referring to the x and y coordinates.

Given that the measurement model is linearised, the user/satellite geometry is known,

and the measurement errors are assumed to be Gaussian, measurement errors can be

propagated through the measurement model without knowledge of the estimated position.

Consequently, this algorithm and the following one can be used for predicting achievable

integrity levels for different applications with different requirements (i.e., pIR and HAL),

different user/satellite geometry and assumed GNSS availability.

2.4.2 WLSR Protection Level calculation

According to [38], WLSR RAIM’s HPL is “derived from the smallest bias the algorithm

is able to detect satisfying the false alarm and missed detection requirement.” According

to [38] and [39] HPL can be calculated as a product of pbias and the maximum horizontal

slope function HSLOPEmax that refers to the worst satellite,

HPL = HSLOPEmax · pbias, (2.11)

where, as in [38],

pbias = σm
√
λ. (2.12)

λ is the non-centrality parameter that does not depend on measurements. It is a function

of probability of missed detection pMD, degrees of freedom DOF and fault detection

threshold Th which, as shown in 2.13, depends on the probability of false alarm pFA and

DOF [39]. Th achieves fault detection at pFA rate under the fault free conditions.

pFA = 1− cdfχ2
DOF
{Th}. (2.13)
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Then, λ can be defined as the non-centrality parameter “of the test distribution in a faulty

case that results in a missed detection rate pMD” [39],

pMD = cdfχ2
DOF,λ

{Th}. (2.14)

The non-centrality parameter is the smallest detectable, with the probability equal or

lower pMD. [38] and [39] provide a relationship between λ and the minimum detectable

bias magnitude for each satellite. With further derivation, a relationship between λ and

bias projection in the horizontal error |bH | can be expressed as,

|bH | = HSLOPEm · σm
√
λ, (2.15)

where

HSLOPEm =

√
S2
x,m + S2

y,m√
1−HSm,m

, (2.16)

and

S
4×NS

=
[
HTWH

]−1
HTW,

HS
NS×NS

=H
[
HTWH

]−1
HTW.

(2.17)

Each satellite m has its own slope where Sx,m and Sy,m, denote x and y elements of the S

matrix and HSm,m denotes the element of matrix HS. The highest slope indicates which

satellite is the most difficult to detect [39].

HSLOPEmax = max
m

(HSLOPEm), (2.18)

2.5 Integrity for Intelligent Transport System

In recent years, a couple of literature review papers has been published on the IM of GNSS

in urban environments [17, 41]. Stand-alone GNSS approaches and reporting on different

proposed methods for stand-alone GNSS are the focus of [17]. [41] presents different FDE

methods, as well as the different integrity methods such as Advanced RAIM (ARAIM),

Relative RAIM (RRAIM), Extended RAIM (ERAIM), Carrier-based RAIM (CRAIM),

Time RAIM (TRAIM) and Vision-Aided RAIM (VA-RAIM).
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However, a comprehensive literature review of the state-of-the-art in the integrity esti-

mation techniques applied and validated for urban environments is not yet available. In

this thesis, a review of the literature from the perspective of road applications (i.e., ITS)

is provided. Specifically, implemented integrity and positioning algorithms will be looked

into, what integrity requirements were used, what level of integrity was achieved, what

sensor technology was used and were the algorithms validated on real or simulated data.

An additional aim of this section is to highlight the way existing algorithms have been

adapted to the urban environment.

To do this, this review has been divided into sections depending on the used technology

relevant to the urban environment. The three sections will review available implementa-

tions of the integrity algorithms for stand-alone GNSS, multi-sensor systems and lastly, for

the cooperative systems. Within each of these sections, a variety of integrity algorithms

and used technologies for integrity estimation will be covered.

2.5.1 Stand-alone GNSS integrity

The simplest positioning system that can underlie an IM algorithm for an urban envi-

ronment can be based on stand-alone GNSS. As mentioned, given the reduced satellite

availability in urban environments, this can prove to be a challenge. Nevertheless, there

are many examples of research done on stand-alone GNSS integrity where the algorithms

have been adapted to the environment.

In [15], a modified WLSR RAIM is proposed for the Electronic Toll Collection (ETC)

in the urban and rural environment. The biggest issue of employing the classical WLSR

RAIM (Section 2.4.2) in urban environments is the reduction of the number of valid

positions reported by the IM due to the increase of the HPL. This happens because of

the satellite/user geometry degradation and reduction of satellite visibility. To mitigate

this problem, [15] proposes a trade-off between the RAIM availability and restriction

on maximum pFA, which modifies the WLSR RAIM to constant-probability-of-detection

RAIM. This means that pFA is not limited by the integrity requirement (i.e., it changes).

By doing this, the WLSR RAIM is always available since the HPL is equalised with HAL,

which makes it constant. As pointed out in [15], this leads to high FA probabilities for

satellites with high slopes. The performance of this algorithm has been evaluated on

the GPS and Galileo LOS pseudoranges simulated in rural and urban data through the

generation of buildings of varying heights. HAL values of 25 m and 50 m have been used as
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the integrity requirements. According to [4] those values are not stringent enough for ETC

for which they cite 10 − 20 m for stringent and 20 − 40 m for loose PCA (Table 2.5). In

addition to said HAL values, pMD of 5 ·10−5 and two values for pFA of 5 ·10−3 and 5 ·10−5

have been used. [15] has demonstrated that the gain of RAIM availability compensated

for the increase of FA rate. The expected benefit of dual constellation receivers was also

demonstrated with the undercharging rates of several orders of magnitude lower than for

the GPS only.

Another algorithm based on the stand-alone GNSS and WLS is presented in [42]. The

authors present a complete IM scheme for road applications and test it on the real-world

data collected in the urban environment of Nantes, France. One of the adaptations to the

urban environment has been made through the use of the hybrid pseudorange weighting

model based on the satellite elevation, signal-to-noise-ratio and LOS/NLOS indicator.

This indicator is defined by utilising the Urban Multipath Model (UMM) which identifies

the NLOS signals based on the 3D map, which ensures higher weighting of the LOS

pseudoranges. The HPL is calculated by summarising the SBAS HPL and WLSR HPL.

The main motivation behind this is the fact that the former method provides HPL estimate

based on the impact of the measurement noise on the user position, and the latter one

provides HPL estimate based on the impact of the measurement bias on the user position

[42]. The results show the best median HPL of 12.4 m is achieved for values of pFA =

pMD = 10−2. Chosen probabilities may not be stringent enough for most applications in

the urban environment.

An IM algorithm that consists of three phases of integrity checks: positioning integrity,

speed integrity and Map Matching (MM) integrity is proposed in [43]. Even though

GPS and wheel speed data are used, the proposed algorithm is not an example of multi-

sensor IM. Wheel speed information is used to validate the reliability of the GPS Doppler

speed data, which is actually used for speed integrity module. Three separate phases of

integrity checks happen in sequence and not simultaneously. Firstly, WLSR RAIM (from

Section 2.4.2) and FD are used for the position integrity module. Values pFA = 10−3,

pMD = 10−5 and HAL = 15 m are chosen as position integrity requirements. If a fault

is not detected, the algorithm moves on to the speed integrity module. If an error is not

detected there, MM integrity phase can start. This includes topological MM and a Fuzzy

Inference System (FIS) to reason about the uncertainty of MM results. The main issue

of this algorithm is that each module’s conditions need to be satisfied to move on to the

next one. This may be problematic in terms of implementation in urban environments
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where the first module could run into the issues of availability as demonstrated in [15].

The Overall Correct Detection Rate (OCDR) (Equation 2.19) for experimental GPS data

collected in an urban environment is 98.24%, 99.23% in a rural environment and 97.20%

in a mixed environment [43, 44]. However, these numbers include the correct detection

of availability and unavailability. Integrity was correctly classified as available 72.93%,

89.30% and 71.49% of the time, respectively. That is consistent with reduced availability

of satellites in the urban environment, using the civil aviation algorithm implementation.

OCDR = 1− FA rate−MD rate. (2.19)

Similar to [44], sequential map-aided IM for GPS is proposed in [45]. Firstly, HPL is

calculated by employing a WLSR HPL like method, characteristic of the operational en-

vironment is checked (urban or rural?) and the integrity of MM is determined. [45] also

used OCDR as a measure of success rate. For real-world data collected in mostly urban

and suburban environments, success rates of 98.2% and 99.4% were achieved, respectively.

However, it was not possible to calculate the integrity availability and unavailability (cor-

rectly classified) as it was for [44]. [45] used the same integrity requirements as [44].

Some methods implement a combination of GPS and SBAS. For example, [46] calculates

SBAS HPL for GPS/EGNOS combination. However, SBAS satellites have the same satel-

lite visibility issue in the urban environment as the GNSS satellites. This is addressed in

[46]. They propose an architecture where, during NLOS of EGNOS, the system switches

to broadcasting SBAS messages via the internet. During the satellite visibility, HPL values

range from 5 − 15 m. When EGNOS satellite is not visible, 12% of HPL values grow to

∼ 20 m and peaks ranging from 200− 450 m occur. These peaks occur due to the major

identified issue of latency of SBAS messages communicated via the internet. Although

certain application requirements would be satisfied by this performance (e.g., biohazard

goods hauliers tracking [46]), the majority of urban environment applications would not.

Many other algorithms that are not based on WLSR and SBAS methods are proposed.

For example, an IM method applying Non-Linear Information Filter (expressed as another

form of an Extended Kalman Filter (EKF)) and a Log-likelihood ratio test is proposed in

[47]. However, the authors do not test their proposed algorithm in terms of determining the

PLs. Another example is the Bayesian RAIM (BRAIM) algorithm proposed in [18], which

is based on the Particle Filter (PF) as the underlying position estimator. The integrity

metric is calculated based on the a posteriori distribution, which means that the integrity
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is estimated directly in the position domain. So far, all the presented examples have

estimated the integrity in the measurement domain since they were based on the analytical

estimators (i.e., closed-form expressions for error propagation are available). Unlike all

the previous algorithms where the estimated integrity metric was expressed by the HPL,

BRAIM estimates the probability of misleading information. The BRAIM was tested on

the simulated random 100 trajectories with the constellation of six satellites where a large

error was injected for two satellites of lower elevation. The presented algorithm in [18]

has multiple benefits such as simplicity, no restrictions on geometry, number of satellites

and number of faulty measurements. As such, it seems to fit well with the complexity of

the urban environment where many of the listed items cannot be guaranteed. However,

[18] tests BRAIM on loose integrity requirements of 50 m and 150 m for HAL. For such

requirements, 8% of cases of insufficient integrity were false alarms, and 56% of cases of

sufficient integrity classification were misleading information (i.e., missed detection MD).

[48] propose a RAIM method for GPS only using the improved PF based on the genetic

algorithm for detecting satellite failures. In addition to that, a bank of auxiliary PFs

is used to aid failure detection. Unlike other methods, [48] simulates a Gaussian core-

Laplacian tail Probability of Density function (PDF) as the pseudorange distribution for

six satellites. This is explained by the fact that the tail part of the distribution can

be heavier due to errors such as multipath. However, as observed before, the proposed

algorithm is not validated in terms of integrity but in terms of PE improvement.

At the start of this chapter, IM was defined as a capability to detect and exclude faults and

raise an alarm if the positioning system is deemed unsafe. However, it should be noted that

a lot of available literature, when talking about the IM refers to the development of FDE as

an important part of the IM. Hence, a lot of literature does not estimate the integrity but

looks at the effectiveness of the FDE through the positioning performance. For example,

both [49] and [50] propose multi-GNSS WLSR-based IM methods for GPS and GLONASS

data, and GPS and BeiDou data, respectively. However, they never estimate the integrity.

Nevertheless, the fact that so much research is being done on improving FDE as the

essential part of the IM, shows how significant the problem of FDE for ITS applications

is, and that it requires attention.

The majority of the presented algorithms would not satisfy stringent integrity requirements

nor some of the loose requirements shown in Table 2.5. As previously stated, the way this

issue can be approached is through the employment of multi-sensor IM methods.
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2.5.2 Multi-sensor integrity

When it comes to the IM of land-based applications, the solution is most commonly

based on the multi-sensor positioning system. By fusing the multi-sensor data, measure-

ment redundancy can be achieved even in urban environments. Inertial measurement unit

(IMU) and dead-reckoning (DR) sensors are the most commonly combined sensors with

GNSS. [11] and [12] list different technologies used in the context of multi-sensor IM.

Some of the mentioned methods are — Radio Detection and Ranging (RADAR) such as

Ultra-Wide Band (UWB) radios, Light Detection and Ranging (LIDAR), visual sensors

such as cameras, sensors that enable inter-vehicular communications and communication

with infrastructure such as Dedicated Short Range Communication (DSRC), UWB and

Dedicated Omni-purpose inter-vehicle communication Linkage Protocol for Highway Nav-

igation (DOLPHIN).

One of the more prominent ways of fusing multi-sensor data is through the EKF estimator.

As a result, it is understandable that the EKF is commonly used as the underlying position

estimator for multi-sensor integrity.

An example of this is given in [51] where an integrity algorithm based on the fusion of

GPS, EGNOS and IMU data using the EKF is proposed. In their framework, the SBAS

HPL algorithm is used to calculate GPS and EGNOS HPL values. When GPS data and

EGNOS data are not available, SBAS HPL cannot be calculated. [51] proposes the usage

of Horizontal Trust Level (HTL) which is calculated as a 6-sigma value of the maximum

horizontal standard deviation. The HTL values ranged from 6 to 7 m and as expected, the

HTL values deteriorate as the satellite visibility gets reduced. The authors did not provide

HPL values for the periods of satellite visibility. Nevertheless, they have demonstrated

that even when satellite visibility is reduced, integrity estimate can still be provided due

to the use of IMU data.

Another example of multi-sensor IM based on EKF can be found in [52]. The proposed

framework is based on cellular long-term evolution (LTE) signals (modelled as pseudor-

anges) and IMU. The absence of GNSS in their system is valid in terms of applicability of

the system in the complex urban environment where GNSS signals are sparse. However,

when it comes to remote areas where it is fair to assume that cellular signals weaken and

that the network density of the cellular transmitters decreases, the fusion with GNSS is

necessary since it will probably become a primary source of reliable measurements. HPLs

are estimated in a way similar to the WLSR HPL method shown in Section 2.4.2. The
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performance of the IM algorithm proposed in [52] was tested on real-world data collected

in an urban environment with five cellular transmitters in the vicinity. The results indicate

that HPLs range from 15 m to 30 m. A HAL of 35 m was used as a requirement. How-

ever, it is unclear what were the required probabilities of FA and MD. The same authors

conducted further experiments in [53] where they used pFA = 1 ·10−3 and pMD = 5 ·10−4.

Then, the observed HPL was ranging from 5 m to 15 m due to the proposed algorithm

accounting for multipath and unmodelled biases in cellular pseudoranges.

Multi-sensor IM can also utilise the visual data to estimate integrity. A Simultaneous

Localisation and Mapping (SLAM)-based IM algorithm is proposed in [54]. Vehicles and a

landmark are being localised by means of graph optimisation. GPS data, vehicle dynamics

and pixel intensities from fish-eye cameras are used. The proposed algorithm is validated

on real-world data collected in the semi-urban environment. HPLs of 10 to 15 m are

achieved. However, it is not clear what FA and MD probabilities were used as integrity

requirements. A similar concept has also been shown in [55] where an IM of an integrated

GPS/Galileo receiver, IMU and Fish-eye camera is proposed.

Classical RAIM algorithms view integrity as a separate issue to the state estimation. They

estimate the integrity based on the assumption of correctness of the state estimate and

based on the associated measurements [56]. This effectively makes integrity estimate biased

given the one tested the hypothesis with respect to faulty measurements (e.g., single state

estimate for WLS or EKF). Similar to [18], [56] proposes Particle RAIM where integrity

monitoring is jointly estimated with the state estimation. The proposed Particle RAIM

uses multiple hypotheses (i.e., particles) related to different measurements and their faults

to estimate the joint integrity based on the a posteriori state distribution. The Particle

RAIM proposed in [56] is validated for 50 simulated trajectories with assumed five visible

satellites and available odometer and heading measurements. AL of 20 m was used. The

authors have concluded that the Particle RAIM fails to bound the IR with a small AL.

Another IM solution for multi-sensor PF and for MM is proposed in [57]. The multi-sensor

system is based on the fusion of GNSS, gyroscope and odometer data. These data are used

in addition to the enhanced maps for lane-level IM. The proposed algorithm provides a

common solution for position and MM integrity. The MM confidence is calculated as a

sum of normalised weights of particles (i.e., position hypotheses) that are within the lane.

This confidence is compared with the threshold probability of 0.86. Then the position

integrity is estimated by calculating Lane Positioning Protection Level (LPPL) based on
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the constant pMD = 10−2 and position covariance. Calculated LPPL is compared with the

required HAL = 1.5 m. The chosen pMD value may be too loose for ITS applications that

may require lane-level integrity. The algorithm was validated on experimental data col-

lected in Nantes, France and Berlin, Germany in a semi-urban environment. OCDR ranges

from 85.22% in cases when GPS masks were simulated to 99.21% under normal conditions.

The rates of correctly classified integrity availability and correctly classified integrity un-

availability are unclear. This algorithm proposes an interesting way of fusing multiple

sensors, implementing MM and estimating integrity for both. Unlike, classical RAIM al-

gorithms where position does not have to be estimated for integrity to be evaluated, here,

position estimation is necessary as in previously discussed BRAIM [18]. This happens

due to the underlying positioning algorithm, i.e., PF, for which closed-form expression for

error propagation is not possible due to its non-linearity and possible non-Gaussianity.

So far, all the mentioned algorithms have been implemented for code-based GNSS pseudor-

anges. If lane-level integrity is required for a given ITS application, the literature indicates

that phase-based GNSS measurements or Real-Time Kinematic (RTK) GNSS have to be

used.

[58] presents an integrity monitoring algorithm for tightly-coupled Precise Point Position-

ing (PPP) and IMU integration. A bank of EKFs is used as the underlying positioning

algorithm for the algorithm originally developed for ARAIM and is based on the solution

separation RAIM. The proposed method is validated on data collected on a highway and

in a suburban environment in Calgary, Alberta, Canada. Their multi-sensor solution re-

sults in HPL of 1 − 2 m and 3 − 4 m in the suburban environment and on the highway,

respectively. When only PPP is used, during signal outages, it takes time until the HPL

values converge due to carrier phase ambiguities having to be re-estimated. However, as

expected, once the IMU is introduced, these jumps in HPL value do not happen. It is

unclear what integrity requirements were used in [58].

[59] compares the performance of Multiple-Hypothesis Solution Separation (MHSS) (bank

of KFs) and Innovation Sequence (IS) (single KF) integrity techniques for automotive

IMU/GNSS system. In addition to that, the dynamics of the vehicle are constrained.

For example, restricted lateral movement of the vehicle can be used to reduce the drift

due to yaw gyroscope and lateral accelerometer biases. The integrity requirements used

in [59] are pFA = 10−6, a prior fault probability for hypotheses of 10−5, and HAL =
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0.5, 1, 2, and 3 m. Both algorithms have been tested for four, five and six visible satel-

lites. Differential GPS data with PPP accuracy was simulated to test and validate these

algorithms. To somewhat realistically model the effect of multipath in an urban canyon,

stochastic models obtained from data collected on a highway were used. The results indi-

cate that dynamic constraints have helped to bound the IR and HPL. Without dynamic

constraints, MHSS outperforms IS and achieves IR of 10−18 to 10−17 and 10−9 to 10−5

for HAL = 1 m for six and four visible satellites over a period of one hour, respectively.

Despite the use of IMU data, when geometry quality and the number of satellites reduces,

the IR reduces significantly as well. Once the dynamics are constrained, MHSS is able

to achieve IR levels of 10−7 for four satellites (no GNSS redundancy). The authors have

demonstrated that tightly-coupled IMU/GNSS integration can achieve sub-metre HPLs

for different values of IR. They have also shown that tightly-coupled architecture can

reduce IMU instrumental drift with only a few satellites available. However, integrity

performance is not preserved in that case.

Some available research uses RAIM algorithms implemented in commercially available soft-

ware such as Hexagon Positioning Intelligence’s 1 PPP filter using TerraStar X corrections

[60]. The achieved HPL for stand-alone automotive-grade GNSS receiver and IMU/GNSS

system is presented in [60]. They test the integrity in three different environments: an

open-sky environment in Canada; highway/rural environment in the USA and highway/-

suburban environment Germany. For stand-alone GNSS, for integrity risk of 10−7/hr and

HAL = 3 m, 95% of HPL are within 1.04 m, 5.63 m and 21.66 m, respectively. As

expected, as the environment becomes more complex, the HPL values deteriorate. Since

the PPP measurements are used, when outages happen, especially in a highway/suburban

environment, the initialisation of GNSS significantly impacts the integrity performance as

was shown in [58]. Once automotive-grade IMU is integrated with PPP GNSS, 95% of

HPL values are within 14.12 m for highway/suburban environment.

Lane-level integrity levels have been achieved in [61] and [62]. To achieve this, [61] combines

RTK, Doppler-based positioning and IMU with the vehicle speedometer. Similarly, [62]

combines the same sensors except the vehicle’s odometer is used instead of the speedome-

ter. During RTK outages, the proposed system uses Doppler-based velocity to estimate

the position. If this is also unavailable, the position can be determined based on the ve-

hicle’s speedometer or odometer, and the IMU data [61, 62]. Furthermore, both of the

1https://hexagonpositioning.com/ and https://hexagondownloads.blob.core.windows.net/public/Nova
tel/assets/Documents/Papers/RAIM/RAIM.pdf

https://hexagonpositioning.com/
https://hexagondownloads.blob.core.windows.net/public/Novatel/assets/Documents/Papers/RAIM/RAIM.pdf
https://hexagondownloads.blob.core.windows.net/public/Novatel/assets/Documents/Papers/RAIM/RAIM.pdf
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papers provide the formulation used to calculate RTK HPL and Doppler/IMU HPL. The

algorithms were tested on the same experimental data collected in Tokyo, Japan. Different

values of IR were used to test the algorithm presented in [61]. Those ranged from 1 · 10−3

to 1 · 10−7. pFA = 1 · 10−2 was chosen. The authors tested the integrity performance of

the proposed IM algorithm on four GNSS constellation combinations — GPS only, GPS

and BeiDou, GPS and GLONASS, and a combination of all three. Similar median HPL

was observed no matter what IR is used and is in all cases smaller than 0.3 m. This

would mean that for, correct ambiguity fixing, HAL can be between 0.5 and 1 m, and the

availability will be larger than 99%. Furthermore, RTK was available from 88% to 96%

of the time (depending on the used GNSS combination). A different point of view was

taken when testing the proposed algorithm in [62], where RTK, Doppler positioning, IMU

and odometer data were used. The algorithm was tested for IR ranging from 1 · 10−3 to

1 · 10−6. The same pFA was used. In these experiments, RTK (GPS, GLONASS, BeiDou)

was available 72.2% of the time. Doppler-based positioning was then employed 25.8% of

the time and finally, the IMU/odometer the remaining 2% of the time. RTK HPL re-

mained as in the previous results (lower than 0.3 m). However, the median Doppler-based

HPL exceeded 2 m, and IMU/odometer HPL stayed under 2 m. These results refer to the

IR of 1 · 10−6. The results do not show how these values changed once 1 · 10−7 IR was

chosen.

2.5.3 Cooperative integrity

With the development of inter-vehicular networks and communication technologies, the

integrity monitoring of cooperative positioning systems has recently become an area of

interest. To the author’s best knowledge, not a lot of research has been carried out in

the field of cooperative IM, and there are a lot of opportunities to contribute. Only a

few recent papers have been found that discuss the integrity of cooperative positioning

systems.

A Cooperative IM (CIM) algorithm is proposed in [63] and [64]. However, the proposed

algorithm does not estimate the integrity. CIM exploits the GNSS and inter-vehicle UWB

measurements for FDE only based on the decentralised EKF via the innovation decompo-

sition method and cooperative innovation estimation. Furthermore, CIM is validated on

simulated GNSS and UWB data.
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Cooperative integrity has been researched throughout the years by Liu et al. [65–70].

Their CP framework is based on the GNSS and DSRC inter-vehicle ranging. In [66], a

method of bounding the cooperative localisation estimate is proposed. One of the compo-

nents of the proposed bound is calculated as the SBAS HPL shown in Section 2.4.1. [68]

employs method presented in Section 2.4.2 under the cooperative environments. However,

cooperative IM is not demonstrated, and both of the proposed methods are validated

on simulated data. An improved RAIM method using vehicle-to-vehicle communication

(i.e., DSRC) with the Cubature KF as the underlying position estimator was proposed

in [65, 67, 69, 70]. The HPL in [67] is calculated based on the method presented in

Section 2.4.2. However, the presented method does not demonstrate the cooperative IM

algorithm as it uses DSRC ranges only to simulate virtual satellites. The authors achieve

HPL of ∼ 25 m for pFA = 1 · 10−5 and pMD = 1 · 10−3 under the simulated scenario

of four BeiDou satellites and one virtual satellite. Additional work on the IM algorithm

using the cooperative DSRC measurements is presented in [65]. However, the focus of

that paper is on the FDE capability of the proposed algorithm. In both [67] and [65],

cooperative DSRC ranges are used to generate the forward estimate of the vehicle’s posi-

tion. Using that position, virtual pseudoranges are calculated based on the known position

of the NLOS satellites. Then LOS pseudoranges and virtual pseudoranges are used for

IM. Similar is done in [69] where solution separation RAIM method was used instead of

previously used WLSR HPL calculation. [70] presents a conservative HPL calculation

method where HPL is calculated as a combination of the WLSR HPL method using the

residuals, a similar method using the Kalman gain matrix and HPL component based on

estimated error covariance. Although the cooperative DSRC ranges have been utilised to

rebuild pseudoranges from the NLOS satellites, this proposed method does not represent a

true cooperative IM algorithm as cooperative measurements were not part of the integrity

estimation. Authors have also identified several problems concerning the forward estima-

tion, some of which are clock synchronisation error between all the cooperating vehicles

and the position error of the neighbouring vehicles. As before, due to the complexity of

the algorithm validation for cooperative vehicular networks, data were simulated. It is

important to note that, although not cooperative, methods presented in [65, 67, 69, 70]

have successfully mitigated the issue of reduced GNSS availability in GNSS-challenged

environments.

[71] presents an algorithm for FDE and integrity for GNSS-based CP. The importance of

FDE in cooperative networks is emphasised as the fault in one user can influence the other
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users and result in large PEs. Centralised CP EKF is chosen as the underlying positioning

algorithm for the fusion of GNSS data and terrestrial range measurements. The solution

separation ARAIM method is implemented to detect and exclude faults in the simulated

data, and the performance is evaluated on the effect of fault exclusion on the PE. The

integrity (i.e., PL) is not estimated.

A distributed cooperative SLAM-based IM algorithm is proposed in [72]. Like in [63],

UWB data were used for inter-vehicle ranging in addition to the GPS data. Unlike other

presented methods, [72] estimates the PLs while accounting for faults in the GPS and

the UWB data. The PLs are calculated using the worst-case failure slope method. The

algorithm is validated on a sparsely connected network of six simulated vehicles where

some of them are driving in an open-sky area, one of them is static in the open-sky area,

and some of them are driving in a semi-urban area. Each vehicle processes data received

from other vehicles which includes their positions and inter-vehicle ranges. The results

indicate that the distributed cooperative solution performs better than the stand-alone

SLAM IM. The average estimated PLs range from 1.8 m for a vehicle in the open-sky

to 5.4 m for the vehicle in the semi-urban area. However, it is unclear what integrity

requirements (e.g., pIR, pFA or pMD) were used to achieve these PLs.

One of the major points that all of these papers have in common is the emphasis that

they put on the FDE of cooperative/hybrid solutions. Effective FDE methods need to be

found as the cooperative networks introduce new fault modes which can be distributed

across the vehicle network. These papers propose interesting methods for improvement of

the cooperative IM. However, only [72] proposes and validates an integrity method which

estimates integrity while accounting for faults for multiple sensors that are part of the

cooperative solution.

2.6 State-of-the-art summary

This chapter has presented an extensive literature review of the state-of-the-art of the

IM and the integrity algorithms for road applications. Based on the presented literature

review, the following summary can be made:

1. There are no defined integrity requirements that every algorithm has to aim for

depending on the application (as seen in maritime applications) or a phase of an ap-

plication (as seen for civil aviation). Except being a relatively novel field of research
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and having a large diversity of algorithms with different integrity metrics, one of the

major factors may be the lack of international organisational involvement. As shown,

ICAO and IMO have regulated navigation performance requirements for every civil

plane and every vessel, respectively. Such an organisation does not exist for road

applications as the technology, traffic regulations, and signage are not standardised

internationally. Consequently, integrity requirements are not standardised as well.

A similar inference has already been made for railways (see Section 2.3.3).

2. Some additional points can be made about integrity requirements:

(a) Time reference (e.g., 1 · 10−7/hr or 1 · 10−7/150 s) is often not specified in

the literature. However, it is clear in all the tables in Section 2.3 that a time

reference for the IR should always be provided.

(b) Integrity requirements used to produce results and validate proposed algorithms

are often not specified in the literature. Without this, it is not possible to

compare the performances of different algorithms presented in different papers.

(c) When integrity requirements are specified, they often seem too loose and/or

arbitrary. Using too loose requirements may result in misleading results and

ignore larger problems that may need to be looked at. Furthermore, using

arbitrary requirements will not lead to the ”standardisation” of requirements

or an agreement amongst the scientific community.

3. Assumptions of Gaussianity of measurement error distributions are made across the

board. Only one publication [48] has been found where this assumption has not

been made. However, they validated the proposed algorithm in terms of PE and not

integrity. It is important to find better approximations of the actual measurement

error distributions as that will give us more trustworthy integrity results. As em-

phasised in [70], any significant deviation of the error distribution may increase FA

and MD rates.

4. Many of the proposed IM algorithms do not analyse those algorithms in terms of

their integrity performance. The emphasis is still put on the PE. Moreover, a lot

of proposed IM algorithms are validated solely based on their FDE performance.

The effectiveness of the FDE is often evaluated through its impact on positioning

performance and not the integrity itself. Although this is an important part of the

IM as a whole, it does not provide any information on integrity on its own.
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5. This brings up another important point. Integrity and IM (algorithms) are often

used interchangeably and as synonyms. However, a distinction needs to be made.

As defined in Section 2.1 and in [61], IM involves two tasks. Those are the FDE and

computation of an integrity measure. In the case of the majority of the integrity

algorithms, that measure is the PL. That integrity measure effectively guarantees

to bound the true position with a certain probability. An integrity algorithm only

involves the calculation of that integrity measure, and the IM algorithm is a complete

framework that involves both the FDE and the integrity algorithm, in addition to

any other algorithms.

6. An interesting observation can be made in terms of the usage of term RAIM. By

definition presented in Section 2.2, RAIM is supposed to be Receiver Autonomous

IM, and it monitors the integrity based on the redundant GNSS measurements.

Hence, such an IM algorithm is receiver-based. However, as other sensors are in-

troduced to aid the GNSS measurements, the integrity is no longer autonomously

monitored within the GNSS receiver but within the aircraft system. That is why

such algorithms are called AAIM in civil aviation. By extending that logic to road

applications, any IM algorithm proposed for ITS that relies on more than GNSS

should be called VAIM - Vehicle Autonomous Integrity Monitoring (or a similar

variation). However, this is not the case in the literature where the term RAIM has

become synonymous with autonomous integrity monitoring.

7. Limitations of classical IM techniques from civil aviation related to the application

in urban environments are highlighted in [73]. For example, classical algorithms do

not account for issues such as reduced satellite visibility (including the SBAS), dete-

riorated satellite/user geometry, LOS and NLOS multipath. Almost every algorithm

proposed for urban environments tackles one or more of these issues. For example,

[46] proposes a framework where EGNOS, when LOS is unavailable, switches to

broadcasting the messages. Reduced satellite visibility has often been mitigated by

either using multi-GNSS, IMU or some other type of sensor. Dependence on the

satellite/user geometry has often been mitigated through sensor fusion or in some

cases by implementing algorithms independent of geometry such as [18]. In addition

to the FDE and the integrity algorithm, IM algorithms proposed for the urban envi-

ronment may use 3D map data to eliminate NLOS signals [42] or to produce virtual

pseudoranges as in [70].
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8. In order to satisfy more stringent integrity requirements for safety-of-life applications

requiring metre-level AL, GNSS code-based measurements cannot be used. Either

PPP or RTK measurements have to be used [58, 59, 61, 62].

9. When it comes to implementing IM algorithms for the urban environment, stand-

alone GNSS and/or SBAS solutions cannot be the only sensor technology the algo-

rithms are relying on. Even with using NLOS virtual measurements, it is unfeasible

to have an IM algorithm that does not rely on any other sensor technology. By the

sheer amount of available literature employing multi-sensor systems for positioning

and IM, it is fair to say that there is a consensus in the research community with

researchers proposing and/or implementing these systems.

10. Multi-sensor integrity methods based on the code-based GNSS measurements cannot

achieve metre-level PL. For example, [52] achieved HPL of 15 m to 30 m for HAL

of 35 m. It is unknown what the required probabilities were used. However, in

their further work they achieved HPL of 5 m to 15 m for pFA = 1 · 10−3 and

pMD = 5 · 10−4 [53]. According to [4], those probabilities and HAL would be too

loose for SCA applications and more in line with the PCA applications. [57] achieves

85% OCDR success rate for the requirements of HAL = 1.5 m and pMD = 10−2.

As before, pMD = 10−2 is a large probability of missed detection and too loose

for SCA applications. Some difficulties exist in comparing different algorithms and

their performances, given that the integrity requirements are often not specified.

A significant contribution can be made in developing methods capable of achieving

integrity levels appropriate for SCA applications as defined in Table 2.5.

11. Similar problem of the integrity requirement definition exists for cooperative integrity

methods. [67] achieves HPL of ∼ 25 m for pFA = 1 · 10−5 and pMD = 1 · 10−3. As in

the previous point, these integrity levels and probabilities are not stringent enough

for SCA. [72] proposes a distributed cooperative IM method and achieves HPL of

1.8 m for a vehicle in the open-sky to 5.4 m for a vehicle in the semi-urban area.

However, they do not specify the integrity requirements used to achieve these HPLs,

which would satisfy the SCA if they were estimated based on the stringent integrity

requirements.

12. In addition to the points already made, some other areas where significant contribu-

tions can be made have been identified based on the literature review:
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(a) There are a lot of opportunities to contribute in terms of the cooperative IM.

Only one of the reviewed papers has implemented a cooperative IM and pre-

sented the integrity results (estimated HPL values with unknown integrity re-

quirements).

(b) Given that a vehicle is limited to the road network, not a lot of proposed

methods used this to improve their integrity estimates.

(c) The majority of methods estimate integrity in the measurements domain (num-

ber of measurements and the satellite/user geometry are important factors).

(d) Only a few examples of multi-sensor systems where terrestrial ranges are used

have been found in the literature (e.g., [53, 63]).

(e) All cooperative IM algorithms and a lot of the multi-sensor and stand-alone

GNSS IM algorithms have been validated on simulated data. This suggests the

complexity of collecting such data.

2.7 Conclusion

The points made in the previous section indicate areas where significant contributions

can be made. When designing the three novel algorithms proposed in this research, the

majority of these points have been considered as guidelines pointing towards the issues

that need to be addressed.

In response to points 1 and 2 from Section 2.6, some of the requirements defined in Table 2.5

will be used. Since the solution will be based on the GNSS pseudoranges, it is expected

that lane-level integrity will not be achieved (as noted in point 8). Achieving road-level

or an SCA integrity level will be the aim of this thesis (points 10 and 11). More on the

integrity requirements will be given in Chapter 6.

As showcased in this literature review, the problem of IM in the urban environment is

very complex and a difficult one to solve. This thesis will aim to mitigate problems of

satellite visibility, deteriorated satellite/user geometry and the effect of large biases (point

7). This will be done through a multi-sensor approach and CP, and implementation of

integrity algorithms in the position domain independent of the number of measurements

and the geometry. Both the multi-sensor and the CP solution will be based on the inte-

gration of GNSS and terrestrial ranges. Terrestrial ranging methods are chosen because of

identified research gaps in the previous sections and their increasing availability as signals
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of opportunity. Furthermore, a version of the MM algorithm will be integrated into the

IM algorithm. The proposed algorithm will not assume Gaussianity for terrestrial ranges.

A better approximation of the actual terrestrial range error distribution will be used and

its effect on positioning, integrity and IM performance will be tested as well (Chapters 4

and 6). More details on all the proposed algorithms will be given in Chapter 5.



3
Vehicle integrity system requirements in urban

environment

The three main sections of this chapter have originally been published in three separate

peer-reviewed papers (specified later). They form a unit of work that provides background

knowledge mixed with the original work used to set up the integrity system requirements.

Firstly, the theoretically best achievable performance of multi-sensor and cooperative posi-

tioning is quantified. As a first system requirement, underlying positioning systems of the

proposed integrity method are chosen. The second system requirement is defined based on

the analysis of the scale of the position integrity problem in urban environments such as

highway, urban canyon, suburban and open-sky areas. As part of the last integrity system

requirement, data sets necessary for multi-sensor and cooperative integrity implementation

and validation are chosen and analysed.

45
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3.1 Introduction

The goal of this chapter is to experimentally demonstrate and document the analysis of

the integrity system requirements, which will be defined here. The structure of the chapter

is shown in Figure 3.1 and described in the following paragraphs.

Figure 3.1: Chapter 3 structure.

For any integrity algorithm, it is necessary to build up a discussion on the positioning

system to be used. Hence, the first considered integrity system requirement is the set up

of the positioning system. Based on the literature review in Chapter 2, it is clear that the

researchers are turning towards developing cooperative integrity techniques. This section

will quantify the expected performance of multi-sensor and cooperative positioning (CP)

based on the terrestrial ranges between users and infrastructure (Peer-to-Infrastructure

P2I) and between users themselves (Peer-to-Peer P2P). The theoretical capabilities of

such positioning systems will be determined by calculating the theoretically best achievable

performance by analysing the Posterior Cramér Rao Bounds (PCRB) in Section 3.2.

Having defined the first integrity system requirement, the goal of Section 3.3 is to demon-

strate the scale of the position integrity problem in the urban environment. Position

integrity is estimated for one of the classical integrity methods from Section 2.4 based on

real-world GPS data collected in different urban environments — highway, urban canyon,
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suburban area and open-sky area. This answered the question of the magnitude of in-

tegrity problem in the urban environment. Furthermore, to mitigate part of the environ-

mental effect connected to satellite visibility, satellite/user geometry and the requirement

of sufficient measurement redundancy, GPS position integrity is expanded to multi-sensor

integrity by fusing GPS and simulated P2I terrestrial ranges. This demonstrated the ca-

pability of multi-sensor integrity, and indirectly, CP integrity. By doing this, a set of

integrity system requirements determined based on the problems specific to integrity in

urban environments was defined and used to design the novel integrity methods proposed

in Chapter 5. An analysis like this, and with the aim of integrity system requirement

definition, was previously unavailable in the literature and is considered one of the major

contributions of this research.

Defining system requirements is not just about algorithms. It is also about determining

the data necessary to collect for development and validation of the multi-sensor and the

cooperative integrity algorithms. The last integrity system requirement is presented in

Section 3.4, and it defines and describes the collected data.

3.2 Analysis of multi-sensor and cooperative positioning

This section presents the positioning system to be used as the basis of the position esti-

mator that underlies the proposed integrity method. Thus, the benefits of multi-sensor

and CP are demonstrated.

In this research, the multi-sensor positioning system relies on the vehicle’s GNSS data and

terrestrial ranges measured to the infrastructure (i.e., P2I). CP systems were defined in [9]

as “data fusion methods for combining position-related data among a group of participating

entities, which can communicate with each other.” This section will define the centralised

CP method based on GNSS data available for vehicles and terrestrial ranges measured

between them (i.e., P2P). In addition to that, the centralised CP method where vehicles

measure terrestrial ranges to other vehicles and to the infrastructure will be analysed (i.e.,

P2I+P2P).

The content of Section 3.2 was first published in a conference paper entitled Cramér Rao Bound
analysis for cooperative positioning in Intelligent Transportation Systems in the IGNSS 2018 Symposium
in February 2018 ([74] in the bibliography). The contents of the paper is not fully reproduced here. Only
a portion of the results and discussion are demonstrated.
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These systems will be tested for a simulated ad-hoc network of four vehicles and 15 in-

frastructure nodes. During the entire simulation, GNSS data are not available for one

out of four vehicles. The performance of P2I, P2P and combination of P2I and P2P (i.e.,

P2I+P2P) positioning is assessed using the PCRB and estimated position accuracy.

The main goal is to calculate the theoretically best achievable performance of proposed

positioning systems by means of PCRB and to make conclusions on the capability of

achieving the accuracy levels required by ITS applications. The desired level of accuracy

for lane-level applications can range from 0.5 m [9, 75] to 1.5 m [10]. For road-level

applications, 5 m accuracy is required [10]. The following subsections present the EKF as

a standard algorithm used for sensor fusion, define the PCRB, describe the data simulation

process and present the results.

3.2.1 Loosely coupled centralised cooperative Extended Kalman Filter

It should be noted that the notations used in the original paper have been changed here

to adapt to the remainder of the thesis. The EKF algorithm is further generalised.

A network of NM mobile nodes (i.e. vehicles) and NIN infrastructure nodes is considered.

It is assumed that positions of infrastructure nodes have been precisely determined in a

global coordinate reference system. Positions of NM mobile nodes are not known, and they

are to be determined using the P2I+P2P measurements. All mobile nodes cooperatively

share their positions and terrestrial ranges between each other (i.e., P2P). The terrestrial

ranges from NM mobile nodes and NIN infrastructure nodes are measured, which enables

multi-sensor positioning (i.e., P2I). Infrastructure nodes form a Local Positioning System

(LPS).

A mathematical model for the centralised EKF used here is a variation of the model

developed in [76]. There, a detailed mathematical model for centralised and distributed

CP can be found. [76] demonstrates the benefits of CP on the example of Unmanned

Aerial Vehicles (UAVs). This section extends their centralised mathematical model and

demonstrates its performance for ITS applications.

In a centralised CP system, the joint state vector Xk at time epoch k for NM users is

given as:

Xk =
[
(x1)T . . . (xNM )T

]T
, (3.1)
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where xi denotes a state vector for i ∈ 1, . . . , NM as

xi =

[
ri

1×3
vi

1×3

]T
. (3.2)

The state vector xi estimated for a single node at time k consists of six states where ri

denotes 3D position estimate, and vi denotes 3D velocity estimate. The evolution of joint

state vector can be expressed as follows,

Xk = f(Xk−1, ωk),

ωk ∼ N (0, Qk).
(3.3)

Equation 3.3 represents the evolution of the joint state vector. Xk−1 denotes the joint

state vector estimated at the previous time epoch k− 1. ωk denotes the Gaussian process

noise with zero-mean and variance matrix Qk that consists of velocity noise. The equation

of motion governing the state transition (i.e., dynamic model) function f(·) is given as,

ṙ = v, (3.4)

where ṙ stands for a change of position which equals to velocity v. In this particular model,

a constant velocity model is used.

According to [77], the evolution of the joint state vector can be expressed as,

Xk = FkXk−1 + ωk, (3.5)

where Fk denotes the joint transition matrix. The time increment between the two states

is denoted by δt and I is an identity matrix. In that case, the state transition matrix for

a single mobile node F ik and for all nodes Fk, respectively, can be defined as,

F ik
6×6

=

 I
3×3

I
3×3
· δt

0
3×3

I
3×3

 , (3.6)

Fk
NM×NM

=


F 1
k . . . 0

6×6
...

. . .
...

0
6×6

. . . FNMk

 . (3.7)
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As stated before, in this framework, all mobile nodes are measuring terrestrial ranges

between themselves (i.e., P2P) and with infrastructure nodes (i.e., P2I). Additionally,

all mobile nodes with available GNSS measurements are sharing their GNSS positions.

Because position measurements from GNSS are assumed instead of pseudoranges, this

implementation of EKF is loosely coupled.

The measurement vector Zk, for time epoch k, is defined by

Zk =
[
(dM,M )T (dM,IN )T (rGNSSM )T

]T
, (3.8)

where dM,M denotes the P2P ranges measured between mobile nodes, and dM,IN denotes

the P2I ranges measured between mobile nodes. Available GNSS positions are denoted

with rGNSSM . With that in mind, the measurement matrix for the overall network can

be obtained by linearising measurement equations with respect to the mobile nodes in-

volved. The measurement model for terrestrial ranges between any two nodes q and w

with coordinates (xq, yq, zq) and (xw, yw, zw), respectively, can be given as

dq,w =
√

(xq − xw)2 + (yq − yw)2 + (zq − zw)2 + ζdq,w , (3.9)

where ζdq,w denotes the terrestrial range measurement noise vector that is assumed to be

Gaussian with zero-mean and variance Rk. The generalised joint measurement matrix Hk

can be written as

Hk
Nmeas×6NM

=



HM1
dM1,M2

HM2
dM1,M2

. . . H
MNM
dM1,M2

...
... . . .

...

HM1
dMNM−1,MNM

HM2
dMNM−1,MNM

. . . H
MNM
dMNM−1,MNM

HM1
dM1,IN1

HM2
dM1,IN1

. . . H
MNM
dM1,IN1

...
... . . .

...

HM1
dMNM

,INNIN

HM2
dMNM

,INNIN

. . . H
MNM
dMNM

,INNIN

I
3×3
| 0
3×3

0
3×6

. . . 0
3×6

...
...

. . .
...

0
3×6

0
3×6

. . . I
3×3
| 0
3×3



. (3.10)

Hw
dq,w

denotes the Jacobian matrix for any measured range dq,w between nodes q and w,

with respect to any mobile or infrastructure node w. In case of mobile nodes (i.e., P2P
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ranges) q, w ∈M1,M2, . . . ,MNM−1,MNM . In case of P2I ranges, w ∈ IN1, IN2, . . . , INNIN .

Hw
dq,w =

[
∂dq,w
∂xw

∂dq,w
∂yw

∂dq,w
∂zw

0 0 0
]T
. (3.11)

Many of these matrices are going to be equal to zero. For example, the first row of the joint

measurement matrix in Equation 3.10, refers to the P2P range between the first mobile

node M1 and the second mobile node M2: dM1,M2 . The Jacobian matrices for this range

calculated for nodes other than M1 and M2 will be 0.

Rows of the matrix denote all available measurements Nmeas = NdM,M + NdM,IN + 3 ·

NrGNSSM
and columns of the joint measurement matrix denote the number of states in

the joint state vector 6 · NM . Rows of the Hk matrix must have the structure as the

measurement vector in Equation 3.8. Firstly, Jacobian matrices for P2P ranges between

mobile nodes are calculated. Following that, Jacobians for P2I ranges between mobile

nodes and infrastructure nodes are derived. Lastly, Jacobian matrices for GNSS positions

are derived. Since the EKF is loosely-coupled, Jacobians of a certain position measured

by GNSS (x,y,z) are going to be equal to the identity matrix. The presented form of the

Hk matrix is for the general P2I+P2P case. However, in case of P2I only or P2P only,

rows in Zk and Hk corresponding to the missing terrestrial ranges would be left out.

Having defined the joint transition and measurement matrices, the standard EKF equa-

tions can be used for estimating the positions of all mobile nodes [40].

3.2.2 Posterior Cramér Rao Bound

The PCRB can be used to find the best theoretically achievable performance of any po-

sitioning system including the proposed CP as well. Although [78], [79] and [80] derive

expressions for CRB CP, they are derived for static CP systems and cannot be used for

proposed dynamic CP system.

The expression for PCRB used in this thesis was firstly derived by Taylor in [81]. In order

to derive the PCRB for a dynamic non-linear positioning system, an estimator needs to be

used. [81] has shown that Fisher information matrix “propagates according to the same

equations as the filter covariance matrix for an EKF linearised about the true (unknown)

trajectory”. Since the EKF is used as the estimator in this chapter, Taylor’s method

of calculating PCRB could be applied. It is important to note that, based on Taylor’s
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definition of PCRB, it can only be calculated for the positions where the ground truth is

known (i.e., simulations). Therefore, it is a useful tool to estimate if the EKF or any other

estimator is adequate for the proposed non-linear dynamic system. Furthermore, it is

useful to determine if the effort should be put in developing an appropriate mathematical

model or if the positioning system itself needs to be modified. Although Taylor’s expression

for PCRB has been derived without assuming process noise, it has been shown in [82]

that process noise can be added to one of the summands in Taylor’s original expression.

Consequently, propagation of the posterior Fisher information matrix and PCRB matrix

are given as,

Jk =
(
Fk−1Jk−1F

T
k−1 +Qk−1

)−1
+HT

k R
−1
k Hk, (3.12)

PCRB = J−1
k , (3.13)

where Fk−1 denotes state transition matrix, Jk−1 denotes Fisher information matrix for

time instant k − 1, Qk−1 denotes process noise, Hk denotes measurement matrix, and Rk

denotes measurement noise. The PCRB is then calculated by finding an inverse to the

Fisher information matrix.

3.2.3 Ad-hoc vehicle and infrastructure network data simulation

To test the performance of the proposed multi-sensor and centralised cooperative EKF,

a network of four vehicles and 15 LPS anchor (i.e., infrastructure) nodes is simulated.

All vehicles are able to communicate amongst themselves. The presented EKF is in the

generalised form for NM vehicles and NIN infrastructure nodes. In the simulation, it is

assumed that one vehicle (Car 1 from now on) out of four is not able to receive GNSS

signal, terrestrial ranges from LPS network of 15 anchors are available to it, and terrestrial

ranges from other vehicles in addition to their GNSS positions.

The standard deviation of the measured GNSS positions is assumed to be 2 cm horizontally

and 4 cm vertically. This level of precision for GNSS measurements can be achieved by

using Network Real Time Kinematic (NRTK) GNSS [83]. Terrestrial ranges could be

measured with any type of device capable of dynamically measuring the terrestrial ranges

(e.g., UWB radios). It is assumed that the standard deviation of simulated ranges is 1 m.

The simulated road is assumed to be 10.5 m wide, and the positions of infrastructure nodes

are simulated to follow the road network with approximate relative distances of 19 m.
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Vehicles are driving in a loop along the road with a constant velocity of 5 m/s on the

straight parts of trajectory and 1 rad/s in turns, for approximately 5 min. The trajectory

of Car 1 is more complicated than for the other vehicles, as it turns right into the South-

North (SN) loop at some point (Figure 3.2a). Car 2 is simulated to follow Car 1 until

it turns into the SN loop at which point Car 2 overtakes it. As shown in Figure 3.2b,

Car 2 always drives on the main part of the trajectory. Unlike Cars 1 and 2, Cars 3

and 4 are starting from the east side of the road while constantly following each other.

Based on these trajectories, synthetic measurements are generated. Measurement errors

are assumed to follow Gaussian distribution with 2 cm standard deviation for 2D GNSS,

4 cm standard deviation for GNSS heights, and 1 m standard deviation for all terrestrial

range measurements. The inverse of the initial state covariance matrix has been used as

the initial Fisher information matrix. Different process noise is used for straight parts of

the trajectory and turns because of the different dynamics of driving straight and turning.

It is assumed that the data rate is 50 Hz, i.e., measurements are available at every 0.02 s.

(a) (b)

Figure 3.2: Simulated trajectories with starting positions for a) Car 1. b) Car 2.

3.2.4 Results and discussion

This section presents results of multi-sensor positioning (i.e., P2I) and CP (i.e., P2P and

P2I+P2P). Principal performance metrics are PCRB and Position Errors (PE).

The first experiment tests the theoretically best performance for multi-sensor position-

ing. In this experiment, Car 1 estimates its position based on available terrestrial range

measurements to all infrastructure nodes (i.e., P2I ranges).
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The P2I performance is tested for different LPS network geometries and a different number

of LPS nodes. Firstly, a fully available network of 15 infrastructure nodes is assumed

(Figure 3.3a). The positions (blue colour) seem to be well estimated, except when the

vehicle is turning. It is to be noted that different process noises are used for straight parts of

the trajectory and in turns, which resulted in an improvement in the overall performance.

In addition to the estimated PCRB, Figure 3.3b shows the standard deviation of the

estimated position solution. Easting and Northing PCRB increase in value every time the

vehicle turns. Easting PCRB is ∼ 5 cm when the vehicle is driving straight and grows

to ∼ 12 cm in turns. The Northing PCRB varies from ∼ 7 cm to ∼ 11 cm when the

vehicle is driving straight and grows up to ∼ 38 cm in turns. It is to be noted that

standard deviations of estimated trajectories are mostly equal or larger than PCRB. This

is expected since the PCRB represents the theoretically best achievable performance.

(a) (b)

Figure 3.3: P2I positioning with 15 nodes. a) Position estimation. b) PCRB.

Average and maximum positioning errors, as well as their standard deviation, are shown

in Table 3.1. Only 2D PEs are shown here. PEs associated with the height can be found

in the original paper. The average horizontal PE (HPE) is 13.4 cm.

Table 3.1: Accuracy of P2I and P2I+P2P in horizontal sense.

P2I P2I+P2P

[m] 15 nodes 6 nodes 4 nodes 3 nodes 15 nodes

Average 0.134 0.176 0.313 0.244 0.131

Max 2.539 2.528 2.661 2.613 2.508

St. dev. 0.177 0.201 0.269 0.242 0.175



Vehicle integrity system requirements in urban environment 55

In the second instance, a network of six infrastructure nodes was used. The geometry

of those nodes is shown in Figure 3.4a. The chosen geometry can be described as good

as a decrease of 60% in the number of static nodes did not cause a significant increase

of PCRB. Easting and Northing PCRB values have increased for ∼ 3 cm when the car

driving straight and ∼ 5.5 cm in turns (Figure 3.4b). Table 3.1 shows an increase of

average HPE for ∼ 4 cm.

(a) (b)

Figure 3.4: P2I positioning with six nodes. a) Position estimation. b) PCRB.

In the third instance, a network of four LPS nodes is chosen (Figure 3.5a). In this network,

the separation distance between LPS nodes is greater in the east-west (EW) direction

(∼ 100 m) than in SN direction (∼ 10 m). As a result, it is expected that PE deteriorates

more in SN direction. The impact of such LPS network geometry on position estimation

is visible in Figure 3.5b and Table 3.1. Furthermore, Northing PCRB values are almost

doubled in comparison to the previous Northing PCRB values. Easting PCRB is not

affected as much. The average HPE shows increase of ∼ 18 cm from previous 13.4 cm (for

15 nodes) to 31.3 cm (see Table 3.1).

Finally, the number of LPS nodes is further decreased to a network of three LPS nodes

(Figure 3.6a). Despite the decrease of the number of LPS nodes, improvement of average

HPE is observed in Table 3.1 (compared to a network of four LPS nodes). The geometry

quality is more important in this case. Figure 3.6b shows that Easting PCRB remains

similar to that one of the four node LPS. However, Northing PCRB is improved for∼ 20 cm

and ∼ 10 cm for straight parts of the trajectory and for turns, respectively.

As expected, P2I results show that the geometry of infrastructure nodes can deteriorate

the overall system’s performance. Since roads have linear geometry and ITS infrastructure

must follow the roads, the geometry of infrastructure nodes will always have to follow the
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(a) (b)

Figure 3.5: P2I positioning with four nodes. a) Position estimation. b) PCRB.

(a) (b)

Figure 3.6: P2I positioning with three nodes. a) Position estimation. b) PCRB.

linear geometry of roads. As shown in the third and fourth instances in this section,

linear geometry reduces the system’s performance. In that case, better network geometry

outperformed despite having a smaller number of nodes within the network.

In the second experiment, positions of Car 1 are estimated based on the P2P ranges

to other vehicles and their GNSS positions.

P2P simulation does not show good results. Firstly, in a system like this, where only

GNSS of three other vehicles and ranges between Car 1 and them are available, there is

a lack of measurements. Secondly, the solution depends on the dynamic ever changing

relative geometry of all vehicles. Since only four vehicles are considered and since the road

is 10.5 m wide, a good geometry could rarely be achieved. The position estimation for the

SN loop is good (Figure 3.7a), probably due to the improvement of inter-vehicle geometry

when Car 1 drives through it (similar to three node P2I results). Figure 3.7b shows the

PE plotted against the time. Certain peaks in the PE graph for Northing coordinate can
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be noticed. Those are the peaks corresponding to the peaks of estimated trajectory in

Figure 3.7a. The positions of the vehicles in those two moments are shown in Figures 3.7c

and 3.7d. Both figures show similar geometry where all vehicles with available GNSS are

positioned on one side (west or east) of the Car 1 at distances bigger than ∼ 35 m. This

geometry is inadequate, especially when a 10.5 m wide road is in question.

(a) (b)

(c) (d)

Figure 3.7: P2P positioning for Car 1. a) Position estimation. b) Position accuracy.
c) Relative positions of vehicles at time 10480. d) Relative positions of vehicles at time

11110.

Lastly, the third experiment tests the performance of P2I+P2P (i.e., cooperative)

positioning. In these experiments, it is assumed that Car 1 measures terrestrial ranges

to 15 LPS nodes and all the other vehicles in addition to receiving GNSS positions from

them. Because it is a combined solution, an increase in accuracy is expected.

Figure 3.8a shows the position estimation of the Car 1 in the system described above. Cal-

culated PCRBs are presented in Figure 3.8b. The values of Northing and Easting PCRB

are similar to those of the P2I positioning with the network of 15 infrastructure nodes.

Table 3.1 provides information about the average HPE where a decrease of average HPE
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(a) (b)

Figure 3.8: P2I+P2P positioning for Car 1. a) Position estimation. b) PCRB.

is observed when compared to the corresponding P2I solution. Although the improvement

is minor, it shows the potential of using the combined system. This is especially true for

urban environment navigation where measurements can be sparse, and the final estimate

can benefit from all measurements. In this case, because so many infrastructure nodes

are available, compared to the number of vehicles, it can be seen that poor inter-vehicle

geometry does not impact the final positioning solution. The overall accuracy of the sys-

tem and the theoretically best achievable performance results are promising for further

development. The previously defined requirements (the most stringent one was 0.5 m)

have been satisfied in all examples except in case of P2P positioning where inter-vehicle

geometry could not be constrained with LPS.

3.3 Scale of the integrity problem in urban environment

The main goal of this section is to demonstrate the scale of the integrity problem in the

urban environment. By doing this, additional integrity system requirements will be defined

and used to design a novel integrity algorithm.

To experimentally demonstrate the scale of the integrity problem, this section analyses the

effects of different types of the environment on position integrity for real-world GPS data.

Integrity will be estimated using the classical SBAS RAIM presented in Section 2.4.1 with

the EKF as the underlying position estimator in an open-sky environment, on a highway,

in a suburban area and in the urban canyon area. Given the results in [15] and [85] where

The content of Section 3.3 was first published in a conference paper Evaluation of integrity availability
based on classical RAIM in different urban environments for stand-alone GPS and multi-sensor solutions
published as part of the IGNSS 2020 Symposium in February 2020 ([84] in the bibliography).
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different RAIM algorithms have been tested in different environments on GNSS data, the

hypothesis of this section is that integrity availability will decrease as the environment

types are becoming more complex and challenging. Unlike [85] where a change of HPL

has been studied, the integrity will also be analysed in terms of availability for a specific

application class. A case study will be carried out on multiple environments, and detailed

analysis of the environment effects will be made.

Finally, to mitigate the effect of the urban environment on the integrity, possible improve-

ments of position estimation and integrity will be tested for a multi-sensor system with

simulated terrestrial P2I ranges. It is expected that LPS data will be able to improve

overall measurement availability and integrity availability.

The contribution of this section is the analysis of the effect of different environments

on integrity availability, identification of some of the biggest drawbacks of implementing

RAIM-like methods for ITS applications and reduction of the effect of the environment on

integrity estimate by employing the multi-sensor positioning system.

3.3.1 Experimental setup

Experiments in this section have been performed on real-world GPS data collected in Mel-

bourne, Australia in July 2018. As one of the aims is to demonstrate the possible effects

of different types of the environment on the performance of the SBAS RAIM algorithm,

the data used in the experiments were collected in four different environments — highway,

open-sky, urban/suburban and urban canyon. In addition to this, the integrity perfor-

mance is tested for a static vehicle in open-sky conditions. Open-sky, suburb and urban

canyon areas were chosen due to different satellite visibility. The highway was chosen

so that the performance of EKF and RAIM could be tested when the vehicle is moving

with high speed. Figures 3.9a to 3.12a are showing the trajectories of the vehicles in all

four environments. It should be noted that Figure 3.9a also shows the location where the

static vehicle data were collected in the open-sky environment (blue mark). The highest

achieved velocity was just under 100 km/h (Figure 3.9b). Velocities of the vehicle in all

environments are shown in Figures 3.9b to 3.12b.

To test the potential capabilities of the integration of GPS and LPS (i.e., multi-sensor),

terrestrial ranges are simulated on subsets of the shown trajectories. Anchor nodes (yellow

pins in Figures 3.9a to 3.12a) are set up around the road segments. As before, the terrestrial
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(a) (b)

Figure 3.9: a) The trajectory of the vehicle on the highway (Citylink) with Google
Earth satellite image as a base map. b) The velocities reached by the vehicle.

(a) (b)

Figure 3.10: a) The trajectory of the vehicle in the open-sky environment (Albert Park)
with Google Earth satellite image as a base map. b) The velocities reached by the vehicle.

ranging data between the vehicle and the anchors are simulated with added zero-mean

Gaussian noise with a standard deviation of 1 m.

GNSS data were collected using the surveying grade Leica GNSS receiver. The receiver

was mounted on the vehicle using a magnetic mount. More information about the used

receiver can be found in Leica Geosystems AG data sheet [86]. Only GPS code pseudor-

anges, uncorrected for atmospheric effects, were used as the measurements. Post-processed

dual-frequency GPS data in addition to the data from Continuously Operating Reference

Station (CORS) in Melbourne (i.e., MOBS) were used as the ground truth for integrity

and accuracy assessment. The RTKLib open-source software package was used to deter-

mine the ground truth with the precision at a sub-centimetre level. It should be noted,

that during a big portion of the data collection in the urban canyon and at some instances

in the suburban environment, when less than four measurements were available, it was not
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(a) (b)

Figure 3.11: a) The trajectory of the vehicle in the urban/suburban environment (South
Melbourne) with Google Earth satellite image as a base map. b) The velocities reached

by the vehicle.

(a) (b)

Figure 3.12: a) The trajectory of the vehicle in the urban canyon (Melbourne Central
Business District) with Google Earth satellite image as a base map. b) The velocities

reached by the vehicle.

possible to determine the ground truth with sub-centimetre precision. Given the linearity

of the road segments where this occurs, linear interpolation was used to derive the ground

truth positions. Further, when interpolating the positions, constant velocity was assumed

(as shown in Figure 3.12b).

3.3.2 Tightly coupled Extended Kalman Filter and SBAS Horizontal

Protection calculation

The position estimator presented here is based on the general CP EKF presented in Sec-

tion 3.2.1 and [76]. Furthermore, the SBAS RAIM method used in this section is based

on [37] and has previously been presented in Section 2.4.1.
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3.3.2.1 Multi-sensor Extended Kalman Filter

This section presents a modified multi-sensor positioning framework based on the EKF. In

comparison to the one presented in Section 3.2.1, this EKF (and for the remainder of this

thesis) will be constant acceleration, tightly-coupled EKF. Please note that the symbols

used in this framework will be consistently used for the remainder of the thesis.

Pseudorange (i.e., GNSS satellite measurements) and terrestrial range (i.e., LPS range)

measurements are being fused. A network of NIN LPS anchors (i.e., infrastructure nodes)

and a network of NS GNSS satellites are considered. Since only multi-sensor EKF is

defined, a number of mobile nodes is NM = 1. The positions of the GNSS satellites are

predicted using the ephemeris data and are determined in ECEF (Earth-Centred, Earth-

Fixed) frame. The positions of the infrastructure nodes (i.e., LPS nodes or anchors) are

assumed to have been precisely determined in the ECEF frame as well. The position rk

of the vehicle or a different type of road user is estimated within the state vector Xk at

a time instant k. In addition to the 3D position, 3D velocity vk, 3D acceleration ak and

user clock bias ckb in units of length (obtained by multiplying clock bias with the speed

of light) are all estimated within the Xk. The presented algorithm is for a single GNSS

constellation. Making it multi-GNSS algorithm would require an additional clock bias or

incorporating satellite constellation time offset as shown in [87].

Xk =

[
rk

1×3
vk
1×3

ak
1×3

ckb
1×1

]T
. (3.14)

Although the presented framework estimates the 3D positions of the user, by removing the

third dimension of the position, velocity, and acceleration in the state vector, the algorithm

can be altered to estimate 2D positions, 2D velocity, and 2D acceleration. However, it

should be noted that in the case of the fusion of pseudoranges and terrestrial ranges, 3D

ranges are usually measured and without angle measurements, it is not possible to reduce

them to 2D ranges. The measurement vector Zk consists of pseudorange measurements

vector ρk and terrestrial range measurement vector dk.

Zk
(NIN+NS)×1

=

[
dk

1×NIN
ρk

1×NS

]T
. (3.15)
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The user’s state evolution is expressed with

Xk = FkXk−1 + ωk,

ωk ∼ N (0, Qk),
(3.16)

where Xk−1 denotes previously estimated state at time instant k − 1. ωk is the pro-

cess noise which is normally distributed with zero mean and covariance matrix Qk =[
0

1×3
0

1×3
ωa
1×3

ωcb
1×1

]T
. The covariance matrix consists of the acceleration noise with

variance ωa and GNSS receiver clock bias noise with variance ωcb . Now, the variance

matrix consists of the acceleration and GNSS receiver clock bias process noise. The state

transition functions governing the state evolution are given as,

ṙ = v,

v̇ = a.
(3.17)

ṙ denotes the rate of change of position which equals velocity v, and v̇ denotes the rate of

change of velocity that equals acceleration a. In this case, the state evolution model is a

constant acceleration model. The transition matrix Fk is defined as

Fk =



I
3×3

I
3×3
· δt 1

2 I
3×3
· δt2 0

3×1

0
3×3

I
3×3

I
3×3
· δt 0

3×1

0
3×3

0
3×3

I
3×3

0
3×1

0
1×3

0
1×3

0
1×3

1


, (3.18)

where I is an identity matrix with dimensions specified under the symbol and δt is the

time increment between two states. The measurement model is expressed as

Zk = h(Xk) + uk, (3.19)

uk =
[
ζk ξk

]T
, (3.20)

ζ ∼ N (0, σ2
IN ), (3.21)

ξ ∼ N (0, σ2
S). (3.22)

uk is a measurement noise vector which consists of terrestrial range measurement noise

ζk and pseudorange measurement noise ξk. Both are assumed to be zero-mean Gaussian
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with standard deviations σ2
IN and σ2

S , respectively. h(·) denotes a general non-linear

measurement function. In this case, the measurement model consists of two non-linear

functions

dik =
√

(xiIN − xk)2 + (yiIN − yk)2 + (ziIN − zk)2 + ζik, (3.23)

ρmk =
√

(xmS − xk)2 + (ymS − yk)2 + (zmS − zk)2 + ckb + ξmk , (3.24)

where ρmk and dik denote the pseudorange and terrestrial range measurements, respectively.

(xk, yk, zk) denotes the predicted user’s position. (xiIN , y
i
IN , z

i
IN ) is the ECEF position

of the ith anchor node where i ∈ 1, 2, . . . , NIN at time instant k. (xmS , y
m
S , z

m
S ) is the

ECEF position of the mth satellite where m ∈ 1, 2, . . . , NS at time instant k. The first-

order Taylor series expansion is used to approximate the non-linear measurement model.

Jacobian matrices for the ith anchor and the mth satellite are given below, as well as the

measurement matrix Hk which consists of all the individual Jacobian matrices.

Hdi
k =

[
∂dik
∂rk
1×3

0
1×3

0
1×3

0
1×1

]
. (3.25)

Hρm
k =

[
∂ρmk
∂rk
1×3

0
1×3

0
1×3

1
1×1

]
. (3.26)

Hk
(NIN+NS)×10

=
[
Hd1
k . . . H

dNIN
k Hρ1

k . . . H
ρNS
k

]T
. (3.27)

Presented matrices are defined for a multi-sensor solution where GNSS data and LPS

data are fused. However, in the case of stand-alone GNSS EKF, rows in Zk, Uk and Hk

related to terrestrial ranges would be removed. For stand-alone LPS data, all rows in the

same matrices relating to the GNSS measurements would be removed. The standard EKF

equations can be used to estimate the user’s state [40]. Please note that this EKF will be

used for the comparison purposes in the rest of the thesis.

3.3.2.2 SBAS Horizontal Protection Level calculation for multi-sensor system

SBAS HPL method has previously been explained in Section 2.4.1 where it has been

implemented with WLS algorithm. In this case, variables used to calculate HPL are
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provided by the EKF. The HPL can be calculated (same as Equation 2.5) as follows

HPL = Kffmddmajor. (3.28)

The definition of the missed detection multiplier Kffmd is given in Equation 2.6. As before,

dmajor denotes the 1σ standard deviation of the position that is to be estimated in the

direction of the major axis of the error ellipse. dmajor is calculated as in Equation 2.7.

The elements used to calculate dmajor differ given the change of the positioning system to

the multi-sensor system. d2
x, d2

y and dxy are still the error variances in the direction of

the x and y axis, and covariance between the x and y, respectively. They are calculated

by propagating the measurement variances through the measurement model as shown in

Equation 3.29. Given that the measurement model is linearised, the geometry between

the user and the GNSS/LPS is known, and the measurement errors are assumed to be

Gaussian, errors can be propagated without knowledge of the estimated position.

d2
x =

NIN∑
i=1

S2
x,iσ

2
IN +

NS∑
m=1

S2
x,mσ

2
S ,

d2
y =

NIN∑
i=1

S2
y,iσ

2
IN +

NS∑
m=1

S2
y,mσ

2
S ,

d2
xy =

NIN∑
i=1

Sx,iSy,iσ
2
IN +

NS∑
m=1

Sx,mSy,mσ
2
S .

(3.29)

Sx,i and Sy,i are the x and y elements of the S matrix for the infrastructure node i. Sx,m

and Sy,m are the x and y elements of the S matrix for the satellite m. S matrix calculated

as S =
[
HTWH

]−1
HTW . All the matrices used to determine S have been defined as

part of the EKF. W is defined as

W
(NIN+NS)×(NIN+NS)

=



σ2
IN,i . . . 0 0 . . . 0

0
. . . 0 0 . . . 0

0 . . . σ2
IN,NIN

0 . . . 0

0 . . . 0 σ2
S,m . . . 0

0 . . . 0 0
. . . 0

0 . . . 0 0 . . . σ2
S,NS


. (3.30)

The presented algorithm is tailored for multi-sensor fusion. In case of HPL estimation for

stand-alone GNSS solution, terms in Equation 3.29 relating to the LPS become equal to
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zero, and rows in matrices Hk and W are removed. The same applies to LPS only solution.

As mentioned in Section 2.4.1, the estimated HPL is proportional to the HDOP (i.e., the

network geometry quality measure) (Equations 2.9 and 2.10).

According to [42], HPL calculated as shown is only part of the HPL in the urban environ-

ment. Complete HPL is composed of two terms [42]: “impact of the measurement noise

on the user position and the impact of measurement bias on user position.” SBAS HPL

(Section 2.4.1) is the former and WLSR HPL (Section 2.4.2) is the latter. By summaris-

ing both of these, complete HPL can be determined. If that is taken into account, all the

results presented in the next subsection should be larger due to the added bias portion of

the HPL. Given that the calculated SBAS HPL will prove to be large for loose integrity

requirements, these results and the conclusion made based on them would not change.

Because of that, WLSR HPL was not added to SBAS HPL in this instance.

3.3.3 Results and discussion

This section presents the results of the experiments carried out using the data collected

in different environments for the EKF and RAIM algorithms. Firstly, the performance of

stand-alone GPS data is tested. Then, the simulated terrestrial ranges measured to the

simulated LPS are used for producing the multi-sensor fusion results. The performance

for both data sets is tested when the vehicle is static in the open-sky environment, and

dynamic in four types of environment — highway, open-sky area, suburban area and urban

canyon.

Process noise and measurement noise are assumed to be Gaussian with zero-mean. The

standard deviation of the acceleration noise is 1 ms−2. The clock bias noise is assumed

to have a standard deviation of 1 m. GPS pseudorange standard deviation is 5.1 m and

for simulated terrestrial ranges is 1 m. Based on the requirements for payment-critical

applications specified in Table 2.5, HAL of 20 m is chosen with the required integrity

risk of 1 · 10−5. Note that these requirements are less stringent when compared to the

ones later used. However, these requirements were sufficiently stringent to demonstrate

the performance of classical RAIM in different environments for stand-alone GPS and

multi-sensor positioning. Position and integrity estimates are available every 0.05 s (i.e.,

20 Hz).
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3.3.3.1 GPS integrity in different environments

The integrity performance results are shown on a Stanford diagram (more about them in

[17]). Stanford diagrams classify the integrity assessment in five different groups: nominal

operations, misleading operations, hazardously misleading operations, system unavailable

and misleading information, and system unavailable. These classifications are based on

the fulfilment of the requirements that the estimated Horizontal Positioning Error (HPE)

needs to be within the HPL, which cannot be larger than the HAL.

Table 3.2 shows the simple statistics calculated (average, standard deviation, minimum

and maximum) for the estimated HPL and HPE values for stand-alone GPS RAIM in

every type of urban environment.

Table 3.2: Performance of WLS RAIM in different environments based on GPS.

[m] Static vehicle Highway Open sky Suburbs Urban canyon

Average HPL 17.5 19.3 25.1 32.7 43.1

Stand. deviation 0.01 2.7 3.3 15.9 22.2

Min HPL 17.5 17.5 23.8 23.1 19.6

Max HPL 17.6 35.6 51.5 129.7 133.4

Average HPE 2.7 2.6 2.6 3.1 39.1

Stand. deviation 0.4 3.3 0.3 1.5 59.5

Max HPE 3.5 18.2 5.0 34.1 366.9

Firstly, the performance of the static vehicle GPS data is shown (see Figure 3.13). Fig-

ure 3.13a shows that 100% of the time, integrity has been correctly classified as available

(i.e., nominal operations). As said in the previous section, HPL is proportional to the

network geometry. Given that the vehicle was static for a short period (under 2 min), the

geometry of satellites was not changing, which has resulted in a stable HPL assessment.

Figure 3.13b shows the HAL and HPE (i.e., 2D error) along the timeline of the experiment.

On average, HPL was estimated to be 17.5 m with a probability of failure 1 · 10−5 (see

Table 3.2).

Data collection on the highway lasted for around 12 min. During the data collection, the

HPE has never exceeded the HAL. However, HPL did exceed the HAL 27% of the time,

which has resulted in integrity unavailability. 73% of the time, integrity was correctly

classified as available (see Figure 3.14a). Figure 3.14b shows the variation in estimated

HPL from 17.5 m to about 30 m. As shown in the graph, the majority of the estimated
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(a) (b)

Figure 3.13: Integrity results for a static vehicle in an open-sky environment. a) Stan-
ford diagram with integrity assessment. b) Timeline of HPL and 2D error estimation

compared to HAL.

HPL values for highway environment are similar to the average HPL of static data. This is

probably because geometry and number of satellites could not change much since highway

data were collected right after the collection of static data (see Figure 3.9a). However, the

visible variations in estimated HPL happened as a result of the variations of satellite ge-

ometry due to temporary satellite signal outages. These temporary outages could happen

for a number of reasons, such as driving under an overpass or driving under a tree line.

Table 3.2 shows that the maximum estimated HPL was around 36 m with the average

HPL of 19 m. The average HPE remained similar to the ones in the static experiment.

(a) (b)

Figure 3.14: Integrity results for a vehicle on a highway. a) Stanford diagram with
integrity assessment. b) Timeline of HPL and 2D error estimation compared to HAL.

Figure 3.15a shows the Stanford diagram for the open-sky environment where the vehicle’s

position integrity was unavailable 100% of the time. Although the average HPE was the

same as for the static or highway data, the estimated HPL was always larger than the
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required HAL. The average estimated HPL is 25 m with the standard deviation of 3 m

due to the presence of the large HPL estimates from 30 m to 50 m (see Table 3.2).

Figure 3.15b shows the change of HPL and HPE along the timeline (about 8 min of data).

In comparison to the highway data, it seems that although worse, the geometry in the open-

sky environment was more stable. Better stability of HPL in the open-sky environment

was expected due to the reduced number of obstacles (e.g., there were no overpasses).

However, the values of HPL were not expected as it was expected that the performance

and measurement availability in the open-sky environment would be the best. Further

explanation of these results is given at the end of this section where satellite visibility was

analysed.

(a) (b)

Figure 3.15: Integrity results for a vehicle in an open-sky environment. a) Stanford
diagram with integrity assessment. b) Timeline of HPL and 2D error estimation compared

to HAL.

Figure 3.16a shows the integrity availability for the suburban environment. Here, in-

tegrity was unavailable 99.4% of the time. It should be noted that in 11.5 min of data

collection with the frequency of 20 Hz, five time instances occurred where less than five

measurements were available. Because of that, in 0.60% cases, the integrity estimate was

unavailable. Figure 3.16b shows the HPL and HPE along the timeline of the data col-

lection. A differentiation is made between the positions estimated when less than five

measurements are available and when five or more are available in this graph. The same

is done for the HPL estimate. Yellow dots show the missing HPL estimations (when the

number of measurements is less than five). Note that the value of 140 m for their HPL

estimates is purely nominal; an estimate is unavailable in these cases. Table 3.2 shows

that the average HPL is 33 m with the standard deviation of 16 m. Maximum estimated

HPL is 130 m. However, looking at the Figure 3.16b, the results seem to be similar to
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the results in the open-sky environment where a clear limit below which there are no HPL

estimates is visible, and the increases occur when the geometry changes.

(a) (b)

Figure 3.16: Integrity results for a vehicle in a suburban environment. a) Stanford
diagram with integrity assessment. b) Timeline of HPL and 2D error estimation compared

to HAL.

Finally, the results for data collected in the urban canyon are shown in Figure 3.17. Here,

49% of the time, the integrity estimate was not available due to lack of measurements for

HPL calculation. Even before the integrity is calculated, 49% of positions automatically

do not have an integrity assessment available. As shown in Figure 3.17a, an additional 43%

of positions do not have integrity available due to HPL exceeding HAL. 1% of the time,

integrity is correctly classified as available. Figure 3.17b shows that this occurs at the end

of the 7 min data collection. When the HPL assessment is available, it is on average equal

to 43 m with the standard deviation of 22 m. The maximum estimated HPL is similar to

the one in the suburban environment. Unlike all the other environments where the HPE

is similar, in an urban canyon average HPE is around 39 m. This is probably due to the

impact of error sources like multipath and due to measurement unavailability.

Figure 3.18 shows the GPS pseudorange availability for all experiments. It can be seen

that when the vehicle is static, the geometry between the vehicle and the GPS satellites is

stable, not only due to the short data collection but more importantly because the number

of pseudoranges does not change very often.

When the vehicle is on the highway, it was shown that the HPL estimate changes, which

implies that the geometry between the vehicle and the satellites changes repeatedly. This

can be explained with the changing number of available measurements, which affects the

geometry. As noted before, these changes could occur due to numerous trees and viaducts

on the route where the vehicle was driving (Figure 3.9). The integrity was unavailable
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(a) (b)

Figure 3.17: Integrity results for a vehicle in an urban canyon. a) Stanford diagram
with integrity assessment. b) Timeline of HPL and 2D error estimation compared to

HAL.

Figure 3.18: Availability of GPS satellites in different environments.

100% of the time in the open-sky environment. It was expected that the performance and

measurement availability in the open-sky environment would be the best. However, the

maximum number of terrestrial ranges measured in open-sky was 10 in comparison to the

highway where it was 13. After the sky plots and satellite elevations were checked for high-

way data collection, three satellites with a low elevation (about 5◦) that was dropping were

identified. By the time the vehicle arrived to the open-sky environment, those three satel-

lites were no longer visible. Consequently, the minimum HPL estimate probably shifted

up due to lower number of visible satellites. The changes in the number of measurements

coincide with the temporary changes of the HPL in Figure 3.15b. The same can be said

for the suburban environment where the number of visible satellites changes more often.

This was expected since the suburban environment consists of obstacles such as trees av-

enues, low-rise buildings and houses, traffic constructions. Finally, the biggest changes of

both the measurements and the HPL happen in the urban canyon. As expected, the most
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probable cause of this is the local environment causing the measurement unavailability and

presence of more error sources (i.e., multipath from buildings). The reason why integrity

is available 1% of the time at the end of the urban canyon experiment can be seen in the

highest number of available measurements in the experiment which occurs because the

vehicle at that point gets out of the urban canyon (see Figure 3.12a, the south portion of

the trajectory).

3.3.3.2 Multi-sensor integrity in different environments

The previous section has shown the dependence of the RAIM algorithm on the environment

of the user when it is based solely on the GPS data. Here, simulated terrestrial ranges are

fused with GPS data, and the effect of that fusion is discussed.

It should be noted that this comparison was only made on the portions of the data where

LPS anchors were simulated (see Figures 3.9a to 3.12a). Therefore, for comparison pur-

poses, availability of integrity for stand-alone GPS data was estimated for those subsets of

data. Consequently, the percentages in Figure 3.19 for GPS will be slightly different from

the integrity levels shown in the previous section.

Figure 3.19: Comparison of the integrity availability estimates for positioning systems
based on GPS only (top row) and GPS+P2I (bottom row) data. Integrity estimate is
compared for all four different environments: highway, open sky, suburb and urban canyon

environment.

As hypothesised, the LPS has significantly improved the rate of integrity availability. The

rates of integrity availability are similar and seem to depend on the environment less than

they used to. Figure 3.19 compares the integrity availability assessments for four envi-

ronments where the vehicle was dynamic. The performance of GPS data is shown in the
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first row, and the GPS+P2I data is shown in the second row (V2I refers to Vehicle-to-

Infrastructure). As shown, for the highway and the open-sky environment, the availability

grows to the same level of 100%. Unavailability of integrity estimate (due to lack of mea-

surements) is completely removed for both the suburban and urban canyon environments

because of the fusion of GPS with LPS measurements. Now, integrity is available 80%

and 75% of the time in the suburban and urban canyon environment, respectively. Levels

of integrity unavailability are probably still present in the suburban and urban canyon

environment because of the bad GPS data. The improvement in HPL and HPE for all

environment types is numerically shown in Table 3.3.

Table 3.3: Performance of WLS RAIM in different environments based on GPS+P2I
data.

Highway Open-sky Suburb Urban canyon

[m] GPS GPS+P2I GPS GPS+P2I GPS GPS+P2I GPS GPS+P2I

HPL 18.4 9.7 24.2 7.7 42.8 14.8 45.0 16.7

HPE 1.8 0.5 2.6 0.3 3.0 0.7 16.6 1.0

3.4 Data collection campaign

The last integrity system requirement to be defined in this chapter is not about the algo-

rithms. It is about determining what data are necessary, collecting that data and analysing

them. After that, the requirement of having data for integrity algorithm validation will be

fulfilled. One of the reasons for collecting real-world data was to avoid optimistic results

where random outages or large random outliers were not introduced into the systems.

A lot of literature today in multi-sensor and cooperative positioning uses simulated data

to verify and validate their positioning and integrity algorithms as it limits the number of

errors introduced into the system [65]. This approach has its benefits, such as high rate

of simulation runs to create statistically significant results and capability of creating large

data sets. The biggest disadvantage of using simulated data for algorithm validation is the

lack of realistic random error sources. The algorithms tested only using simulated data

may not be able to perform correctly when exposed to real-world data. As described in

Chapter 2 there are multiple examples of researchers using real-world data.

The content of Section 3.4 was first published in a conference paper A measurement campaign for
cooperative positioning architecture based on GNSS and local positioning system published as part of the
IGNSS 2020 Symposium in February 2020 ([88] in the bibliography).



Vehicle integrity system requirements in urban environment 74

The European GNSS Agency report from 2015 [4] lists model validation as one of the open

issues that need to be addressed in terms of integrity algorithms. As mentioned before,

algorithms validated using only the simulated data may not be able to perform correctly

when exposed to the specific error sources of the local environments. To fully validate

a framework one of the objectives needs to be an extensive data collection campaign

“aiming to characterise error sources, magnitudes and probabilities for two important

GNSS terrestrial application areas: automotive and pedestrian users”. This is one of

the objectives of the European Commission funded project The Integrity GNSS Receiver

(IGNSSRX) [89]. However, extensive data collections for multi-sensor and CP systems

can be costly, logistically demanding, time-consuming to plan and hard to organise due

to a lot of variables (e.g., number of participants, sensors, organising vehicles, organising

data collection area). This research proposes a smaller scale data collection with smaller

costs, less complicated and less demanding organisation, as a means of initial algorithm

validation. The data sets collected like this cannot fully capture the benefits of an extensive

measurement campaign. Still, they will introduce the realistic random errors which will

not result in the over-optimistic performance estimates for the proposed algorithms.

A data collection campaign, where real-world CP data are collected and processed to es-

tablish the effect of realistic errors on current CP techniques, is detailed in this section.

The experiment was a joint undertaking between the University of Melbourne, University

of New South Wales (UNSW), Royal Melbourne Institute of Technology (RMIT) Uni-

versity and the Commonwealth Scientific and Industrial Research Organisation (CSIRO).

The focus of this section is the description of the measurement campaign, which includes

a description of the commercial sensors used, data collection process and the analysis of

data availability and quality. Lastly, the data used in this research as well as the process

of determining the ground truth are defined.

3.4.1 Sensor description

A GNSS receiver, a WASP system and a UWB system were used for data collection (see

Figure 3.20). This section provides a short description of each of those sensors.

Four Leica Viva GS15 receivers were used during the measurement campaign (e.g., Fig-

ure 3.20a). They were used for positioning of the mobile users as well as for determining

their ground truth trajectories. The precise positions of the LPS anchors were determined

using GNSS measurements. Leica’s datasheet in [86] provides technical details about the
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(a) (b) (c)

Figure 3.20: During the measurement campaign three types of sensors were used:
a) GNSS receiver. b) WASP unit. c) UWB unit.

used receivers. Although the receivers are multi-GNSS receivers, only GPS data are used

in this research. However, it should be noted that all the algorithms are applicable for

multi-GNSS solutions. More on the used GPS measurements is in Section 3.4.4.

As described in [90], WASP or Wireless Ad hoc System for Positioning, has been devel-

oped by CSIRO. Figure 3.20b shows one of the used WASP units. The terrestrial range

between the WASP units is computed from the measured Time-Of-Arrival (TOA). WASP

is a wireless sensor network platform that can provide sub-metre positioning and ranging

accuracy by using low-cost electronics. Testing in [90] has shown that 85% of ranging

errors are within 0.15 m in an outdoor environment, 82% are within 0.50 m in a LOS

indoor environment, and only 65% of ranging errors are within 0.50 m in an NLOS indoor

environment. These tests were conducted in a network of around 12 nodes with ranges up

to 200 m outdoors and 30 m indoors. For static localisation, positioning errors have been

shown to range from 0.11 m for KF in the outdoor environment to 0.66 m for KF in the

indoor NLOS environment [90]. Additional details about WASP’s hardware and software

can be found in [90]. In this data collection campaign, WASP was used to measure terres-

trial ranges between dynamic nodes (i.e., P2P), between dynamic and anchor nodes (i.e.,

P2I) and between anchor nodes (i.e., I2I).

In this campaign, Decawave’s MDEK1001 Development Kit (Figure 3.20c) was used for

terrestrial ranging, as well as WASP. However, unlike WASP, Decawave’s UWB units were

used for ranging between only one dynamic node and anchor nodes (i.e., P2I). According

to the Decawave’s product brief [91], 2D accuracy is typically better than 0.10 m with
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the maximum frequency of position estimation of 10 Hz. In LOS conditions, up to 60 m

range can be expected. More details about this UWB system can be found in [91].

Due to the use of different measurement systems with different clocks that are independent

of each other, time synchronisation was performed. By calculating and compensating the

relative clock offsets between each system, the time synchronisation was achieved. More

details on how this was achieved are given in [88].

3.4.2 Data collection procedure

As the experiment uses terrestrial ranging devices, the UWB and WASP units required

setting up a Local Positioning System (LPS). A network of 15 anchor nodes (i.e., infras-

tructure nodes) was set up as shown in Figure 3.21. This was done to mimic the geometry

of available infrastructure on the actual roads, given that geometry proved to be important

in [74]. Out of 15 anchors that were equipped with WASP units, seven anchors were also

equipped with the UWB units. Given the idea of collecting real-world data on a smaller

scale, the anchor nodes were set up on an open-sky area of about 30 m × 60 m with the

largest distance between the infrastructure nodes ∼ 62 m. An example of the infrastruc-

ture node is shown in Figure 3.22a. The road polygon (i.e., map feature) used later for

SFC method was created by vectorising the satellite image around the improvised road

(polygon shown in Figure 3.21).

Figure 3.21: Data collection area with anchors. An example of the trajectory is shown
in red.
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In this measurement campaign, there were four users collecting data. All users collected

GNSS data, WASP terrestrial ranges to the infrastructure (i.e., P2I) and WASP terrestrial

ranges to other users (i.e., P2P). In addition to this, the master user (User 2 during the

campaign) measured UWB terrestrial ranges to the infrastructure nodes (i.e., UWB P2I).

All users were equipped with one GNSS receiver and one WASP unit. The master user

shown in Figure 3.22b was also equipped with UWB radio.

(a) (b)

Figure 3.22: Sensor set-up for a) an example of the infrastructure node. b) Master user.

A measurement campaign consisted of three different experiments — static, dynamic and

dynamic+multipath. During the static experiment, all users were stationary in the area

between anchors 5-10 for almost 3 min (see Figure 3.23a). The static experiment was

followed by the dynamic experiment where the users walked along the improvised road

segment with an average speed of 1 ms−1 for 6.5 min (see Figures 3.23b and 3.23c).

The speed of the master user during the dynamic experiment is plotted in Figure 3.24.

The final executed experiment involved inducing the multipath in an otherwise open area

without big sources of multipath. This experiment is named dynamic+multipath. During

this experiment, possible multipath sources were installed along one part of the trajectory.

As shown in Figure 3.23d, big reflective panels and vehicles were used. The users again

walked with an average speed of 1ms−1 for a little over 6 min.
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(a) (b)

(c) (d)

Figure 3.23: The measurement campaign was divided into three different experiments.
a) Experiment 1: static. b) Experiment 2: Master user. c) Experiment 2: Dynamic.

d) Experiment 3: Dynamic+multipath.

Figure 3.24: Dynamics of the master user during the dynamic experiment. This figure
was originally published in [92].

3.4.3 Data availability and quality

This section provides an overview of the data availability and quality of ranging data for all

LPS P2I and P2P measurements. WASP ranging measurements to 14 anchor nodes (during
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the data collection one anchor stopped working which reduced the number of anchors from

15) and three users from master user were made at a frequency of approximately 10 Hz.

The frequency of the UWB ranging measurements from the master user (referred to as

User 2 in this section) to all seven infrastructure nodes was around 9.8 Hz. GNSS data

were collected with a frequency of 1 Hz. Data availability and quality are shown for 1 Hz

frequency.

Figure 3.25 shows the availability of the WASP P2I measurements for all users across

all experiments. User 1 and 3 experience more outages during the dynamic experiment

(orange colour in the graph) than in the dynamic+multipath experiment (yellow colour

in the graph). It is unknown why this occurs and what will be the effect of this on

the positioning/integrity performance. In terms of measurement availability, WASP P2I

measurements seem to be stable as the number of available ranges rarely goes under 12.

The availability of the WASP P2P ranges is shown in Figure 3.26. Similarly, to the WASP

P2I ranges, in terms of availability, WASP measurements seem to be stable as the number

of P2P measurements rarely goes under 2.

Figure 3.25: Availability of WASP P2I measurements for all users and all experiments.

Figure 3.26: Availability of WASP P2P measurements for all users and all experiments.
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User 2 was the only one equipped with a UWB radio. The availability of the UWB

P2I terrestrial ranges is shown in Figure 3.27 (green colour). Although there were seven

anchors equipped with UWB units, User 2 communicated with the maximum of four

UWB units at each epoch. The rate of data outage is little under 50% of the time.

Furthermore, Figure 3.27 shows the availability of all used sensors for User 2, including

GPS measurements, across all the experiments. As expected, the number of measurements

seems to be the most stable during the static experiments. GPS data is also stable in terms

of availability, where more outages are experienced when multipath is provoked.

Figure 3.27: The overall measurement availability during all experiments for User 2
(i.e., master user).

The analysis of the LPS ranging errors for all users and all anchor nodes across all the ex-

periments is presented as well. The range errors are estimated by comparing the measured

ranges and range measurements calculated from the ground truth.

Firstly, WASP P2I ranges are analysed (see Figure 3.28). The x-axis of the graph rep-

resents every infrastructure node. Generally, the best ranging accuracy was achieved for

all anchors during the static experiment. It was expected that the ranging accuracy will

decrease when multipath is provoked in comparison to the dynamic experiment. However,

this was not the case. Only User 2 and 3 show the expected accuracy deterioration. User 1

shows that the ranging accuracy improves during the dynamic+multipath experiment (in
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Figure 3.28: The average error of WASP P2I measurements for all anchors (x-axis).
The average error is shown for all users as well as all experiments.

comparison to the dynamic experiment). The average accuracy of WASP P2I ranging for

the static experiment is 0.2 m. The average accuracy for the dynamic experiment is 0.6 m.

However, it should be mentioned that the average ranging accuracy for User 1 is 1.3 m,

Users 2 and 3 is around 0.3 m, and for User 4 is 0.5 m. That difference is caused by the

larger outliers recorded by Users 1 and 4 (maximum around 90 m in comparison to the

maximum 60 m for User 2 and 3). However, it is unknown why this happened. It may be

due to some device-specific reasons or due to an error made during the data collection. The

average error for dynamic+multipath experiment is 0.5 m. On average, User 1’s ranging

error is 0.4 m, 0.7 m for User 2 and 0.5 m for Users 3 and 4. Average errors confirm the

results shown in Figure 3.28: User 1 performs better during dynamic+multipath experi-

ment, User 2 and 3 perform as expected, and User 4 performs similarly during both the

experiments.

Figure 3.29 shows the average accuracies of WASP P2P ranges (i.e., ranges between users).

If the average ranging error is equal to 0m, this indicates it is the communicating node (i.e.,

if the communicating node is User 1, measurement to User 1 does not exist it is shown with

0 m average error). The average accuracy of WASP P2P for all users is around 0.2 m (same

as P2I). During the dynamic experiments, the average ranging error is estimated to be

1.5 m, and for the dynamic+multipath experiments, it is 1.1 m. Again, the overall average

accuracy is probably affected by the larger outliers present in the dynamic experiment data

(maximum outlier is 104 m compared to maximum dynamic+multipath outlier of 66 m).
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Figure 3.29: The average error of WASP P2P measurements for all users (x-axis). The
average error is shown for all users as well as all experiments.

3.4.4 Use of data for algorithm validation

WASP and UWB units provide terrestrial range measurements between users and/or in-

frastructure nodes. As such, they can be used for positioning and IM directly without

the need for preprocessing. However, that is not the case for GNSS pseudoranges. This

section specifies GNSS measurements used for positioning, IM, and determining of ground

truth and infrastructure nodes position.

In this research, proposed algorithms are not designed for a specific device. They can work

with any and multiple systems that can provide terrestrial ranges. Although WASP and

UWB data were available, WASP terrestrial ranges were chosen for performance analysis in

Chapter 6 due to availability of P2I ranges for all users as well as the P2P ranges. Whereas

UWB data were available for P2I ranging only for the master user. Furthermore, WASP

was able to measure I2I ranges which enabled the error distribution characterisation as

shown in Chapter 3.

Although a multi-GNSS receiver was used to collect GNSS data, only GPS data were used

in this research. However, it should be noted that the presented algorithms are not specific

to GPS and are capable of working with multi-GNSS data. In this research, the use of

only GPS was considered enough for a proof of concept.

The content of Section 3.4.4 has not been previously published in [88] or any other publication.
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GPS code pseudoranges L1 C/A (C1) were used as the satellite pseudorange measurements

for the positioning and integrity algorithms. Pseudorange measurements are equivalent

to the time difference between the time of signal reception and its time of emission from

a satellite [16]. Due to the one-way concept, the time of signal reception is a reading of

the receiver clock, and the time of emission is a reading from the satellite clock. Hence,

clock biases need to be considered. Because of the receiver and satellite clock biases

as well as the other biases such as atmospheric effects, measured ranges are denoted as

pseudoranges [16]. In this research, GPS pseudoranges used for positioning and integrity

estimation are not corrected for the atmospheric effects. The ranges were not corrected for

atmospheric effects because of the assumed availability of affordable single frequency GPS

receiver. However, the proposed algorithms could be applied to corrected pseudoranges.

Pseudoranges are corrected for a satellite clock bias which is available in the navigation

message that provides the broadcast ephemeris data necessary to calculate the positions

of the satellites in ECEF. Furthermore, receiver clock bias is estimated as a part of the

state vector as previously shown in Equation 3.14.

When it comes to algorithm validation, the key prerequisite for quantifying the perfor-

mance quality is having ground truth data. In this research ground truth data implies

the positions of each of the users determined with higher accuracy and precision than the

estimated positions (e.g., trajectory shown in Figure 3.21). Furthermore, precise positions

of anchor nodes had to be known as well. These data were determined by post-processing

the multi-frequency GPS L1+L2+L5 carrier-phase measurements using the RTKLib soft-

ware package. The coordinates were determined relative to the Australian Regional GNSS

Network’s (ARGN) base station SYDN in Sydney with known coordinates. Instead of

broadcast ephemeris data that are available in real-time, precise ephemeris data, pub-

lished two weeks later, were used for satellite ephemeris and clock. Broadcast ionospheric

and Saastamoinen models were applied for correction of ionospheric and tropospheric ef-

fects, respectively. The information about these atmospheric models can be found in [16].

This process provided the ground truth data with precision at a sub-centimetre level.

3.5 Conclusions

Determination of the integrity system requirements as shown in this chapter is important

in the process of designing novel integrity algorithms. Based on all the results from the

Sections 3.2 and 3.3 (in addition to the literature review), an informed decision on the
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positioning system can be made. The positioning system underlying any of the proposed

integrity methods will be based on multi-sensor and CP systems.

The results shown in Section 3.3 have helped to generate a set of integrity system require-

ments (in addition to the positioning system). Any proposed integrity algorithm should

address all of the following system requirements.

1. Multi-sensor or CP systems need to be used to ensure sufficient measurement re-

dundancy in all urban environments. This issue has been highlighted during the

urban canyon experiment where integrity was unavailable almost 50% of the time,

by default, due to insufficient measurement redundancy.

2. An integrity method where its bounding of integrity does not depend on the qual-

ity of the satellite/user or LPS/user geometry is necessary for the urban environ-

ment.This is visible in the algorithm for HPL calculation where proportionality to

the satellite/user geometry is clear.

3. An integrity method where its bounding of the integrity does not depend on the

number of measurements is necessary. This is important since a change in the number

of measurements effectively changes the geometry.

In addition to these three requirements, the new method should be capable of estimating

integrity under more stringent requirements than shown in this chapter and Chapter 2.

Furthermore, as with classical integrity methods, an FDE algorithm is needed to exclude

large biases.

Lastly, it is necessary to collect real-world data to validate the novel integrity method that

will be proposed in this research. Although the proposed algorithms can be applied for

multi-GNSS and for any type of available terrestrial ranging device, GPS and WASP data

will be used for their validation in this research.



4
Cooperative positioning

With the EKF being the most commonly implemented sensor fusion technique, assump-

tions of Gaussianity in describing the errors of data are commonly made, and the measure-

ment models are commonly linearised. However, these assumptions and approximations

may negatively affect the positioning performance and possibly the integrity performance

if the Gaussian distribution is far from the actual distributions and the measurement mod-

els are highly non-linear. The main contribution of this chapter is the empirical study on

the effect of these assumptions on the positioning accuracy of the previously defined multi-

sensor positioning system. Based on the conclusions of this analysis, cooperative Particle

Filter is presented as the underlying positioning algorithm of the proposed integrity algo-

rithms.

85
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4.1 Introduction

As the literature review (Chapter 2) demonstrates, it is a common practice to make a

Gaussian assumption for measurement error because of the availability of a closed-form

linear estimator. Those estimators also rely on a linear approximation of the non-linear

measurement models. In case of a larger non-linearity, it is unknown how big the effect

of the linear approximation would be on the positioning performance. When it comes to

integrity, the effect of these assumptions may be crucial. For example, integrity estimate

may be too optimistic and hazardously misleading information may occur as a result.

Although these assumptions hold and produce good results in the majority of cases, that

may not be true in the case of the multi-sensor system as defined in this research. In

this chapter, given the use of non-traditional signals such as WASP, it is unknown if the

Gaussian assumption is appropriate. In the case of WASP measurements collected as

explained in Section 3.4, a better approximation of the actual error distribution was found

to be three-component Gaussian Mixture Model (GMM) (to be shown in the following

section). Furthermore, it was hypothesised that the terrestrial ranges measured from LPS

may be highly non-linear due to the proximity of LPS nodes. This is unlike GNSS, where

the linear approximation is good, despite the non-linear measurement model, due to the

large distance between the user and the satellite.

Motivated by this, the effect of linear approximation and the Gaussian noise assumption

in multi-sensor positioning through experimental evaluation is studied. Specifically, the

performance of multi-sensor EKF and PF is quantified by using a real-world experimental

platform. It should be noted that the effects of common assumptions will not be tested on

both the multi-sensor and the CP data. However, the impact of making such assumptions

on CP will be deduced from the multi-sensor results. The contributions of this chapter are

summarised as follows: An experimental multi-sensor tracking system which fuses GNSS

data with ranges measured against local reference nodes is deployed. The performances

of EKF and PF algorithms are evaluated experimentally using the collected data. The

effect of linearisation on positioning accuracy is quantified. A Gaussian Mixture Model

(GMM) based ranging error model is proposed, which accurately captures the statistical

Part of Section 4.1 and whole of Sections 4.2 and 4.3 were first published in IEEE Sensors Journal
in November 2019 a paper entitled The effect of linear approximation and Gaussian noise assumption in
multi-sensor positioning through experimental evaluation ([92] in the bibliography). Minor changes have
been made to terminology.
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distribution of ranging errors in the system. The model is used in the PF, and the per-

formance improvement over using Gaussian ranging error models is quantified. Lastly,

motivated by the results of the study of the said effects, cooperative PF is proposed. Both

multi-sensor and cooperative PF will be used to implement the integrity method proposed

in this research.

4.2 Terrestrial range error distribution fitting

According to [93], modelling a distribution as a Gaussian when it is not, can underestimate

the probability of a random error (e.g., tails of Gaussian distribution are not ‘fat’ enough).

If that assumption is not made, this random error can provide useful information for

the system. [93] also states that if error distributions of the measurements are a better

approximation of the actual error distribution, measurements and models will be used in

a better way.

Given the results in [94] where an empirical ranging error model was fitted for the WASP

ranges in an indoor environment, an assumption of Gaussianity of the WASP error distri-

bution is not valid. The fitted ranging error distribution was non-Gaussian, and the model

showed a long tail on the right side. Therefore, here, an error distribution of the WASP

ranges in an outdoor environment is fitted. Given that the ranges were measured outdoors

with no obstacles and with the largest distance between the infrastructure nodes being

∼ 62 m, it is assumed that the distribution of the ranging error is independent of the dis-

tance between nodes. In the case of longer distances between nodes, this statement would

have to be reconsidered. In general, the error distribution needs to be characterised in dif-

ferent environments and for different distances. This would be used as a priori knowledge

for real-time applications.

The infrastructure network of 14 nodes was set up (details in Section 3.4). While the user

measured the ranges to the nodes, the inter-node distances were also taken (see Figure 4.1).

Based on more than half a million measured distances between the static nodes, and the

ground truth distances calculated from the infrastructure node coordinates, the errors

were calculated. Those errors were used to fit the terrestrial range error distribution (see

Figure 4.2). Only the significant part of the curve is shown. 99.83% of measurement errors

fall into the [−2m, 2m] interval shown in Figure 4.2.
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Figure 4.1: Ranging combinations between the static nodes.

Figure 4.2: Actual error distribution with the fitted three-component GMM and fitted
Normal distribution.

It is visible in Figure 4.2, that Gaussian distribution (green) is not a good approximation

of the actual error distribution (blue) of the terrestrial ranges. As one of the aims of this

chapter is to test the impact of assuming Gaussianity, a better approximation is found. A

three-component Gaussian Mixture Model (GMM) is fitted to the measurement errors. It

can be seen in Figure 4.2, an empirically fitted GMM (orange) closely approximates the

actual distribution (blue) of the terrestrial ranges. In future developments of the proposed

integrity method, Kernel Density Estimation (KDE) could be used as a non-parametric

way to estimate the measurement error distribution.
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The PDF of the GMM for a scalar continuous random variable e can be written as in [95],

p(e) =

NC∑
c=1

wc · N (e;µc, σ
2
c ), (4.1)

where c ∈ 1 . . . NC denotes the number of components of the GMM. Each component c

is attributed with component weight wc and is normally distributed with corresponding

mean µc and variance σ2
c . When implementing the PF, Equation 4.1 is used as a PDF of

terrestrial range measurement pi from Equation 4.3. Parameters for the three-component

GMM fitted in this chapter are given in Table 4.1.

Table 4.1: Three-component Gaussian Mixture Model (GMM)

Parameters\Component number 1 2 3

µ[m] 0.0111 -0.5085 0.0776

σ2[m2] 0.0176 0.5335 0.0171

w 0.4321 0.0414 0.5265

4.3 Analysis of the effect of common assumptions

To test the effect of a Gaussian assumption and linear approximation, a multi-sensor

fusion architecture where a node determines its position using GNSS and terrestrial range

measurements to the static anchor nodes (i.e., LPS) is deployed.

One of the most prominent ways of fusing multi-sensor data is through the EKF (Kalman

Filter’s non-linear counterpart). The KF is known as a linear Gaussian optimal filter [96].

When dealing with non-linear system dynamics and non-linear measurement models, lin-

earisation can be performed by using one of the linear approximation techniques. Although

there are many, the first-order Taylor series expansion used in the EKF [97] was used here

as well. More details about this method can be found in [98]. The first-order Taylor series

expansion can provide a good approximation of a non-linear dynamic and measurement

model, but the more non-linear those models are, the less appropriate the EKF becomes

and the position solution will diverge [99, 100]. Even though the first-order Taylor series

expansion is a good approximation of non-linearities for the GNSS measurement model,

this is unknown in the case of the LPS measurement model. Furthermore, the more non-

Gaussian the measurement error distribution is, the further away the EKF is from the
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optimal filter. This can cause large errors, as well as divergence of the solution [100].

Since the performance of the KF based solutions depends on the nature of non-linearities

and non-Gaussianity, their applicability needs to be determined [101].

Considering both the effect of linearisation and the Gaussian assumption on the accuracy

of the position estimation, Monte Carlo filters were chosen, known as Particle Filters (PF)

to be used as sub-optimal estimators [99–102] for comparison with the EKF. The PF

solution is not an analytically tractable solution [100, 103]. In the PF, the a posteriori

error distribution is represented by a set of random particles with associated weights,

that are numerically propagated through the non-linear dynamic and measurement model.

Larger populations of particles improve the approximation of this discretised a posteriori

distribution to the functional form of the a posteriori used in other filters, and the PF

approaches an optimal estimator [103].

The theoretical background of the estimators indicates that the PF will outperform the

EKF as the system dynamics and distributions diverge from being linear and Gaussian.

However, the level of accuracy degradation is unknown since it depends on the specific

dynamics, measurement model, sensors, etc. When designing a multi-sensor positioning

system, it is important to know what is the impact of the assumptions that are being made

and if that impact is significant in regards to the positioning requirements (accuracy,

integrity, availability). This section will elucidate to the positioning system designers

whether their linear and Gaussian approximations are sufficient or their system requires

better approximations of non-linear dynamic and measurement models and measurement

error distribution.

Whether first-order Taylor series expansion is a good approximation of the non-linear LPS

measurement model will be tested by comparing the EKF and the PF performance. Fur-

thermore, to quantify the effect of the Gaussian assumption in case of the LPS ranging

measurements, the performance of two PFs will be compared, one that assumes Gaussian-

ity and one that does not assume Gaussianity for the LPS measurements.

Most of the literature comparing the performance of the KF based algorithms and the PF

algorithms show that the non-linear estimator (e.g., PF) performs better when dealing with

non-linear measurement models [77, 99, 101–104]. A small number of papers was found

where error distributions of ranging errors were modelled to the actual error distribution

[94, 105, 106]. These papers mostly refer to indoor environment positioning systems that

are not based on multi-sensor integration. However, they do show that there is a need
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for measurement error distribution modelling due to complexity and error sources of the

indoor environment which is similar to the conditions of the urban environment. In [100],

accuracy improvement is shown when PF is used for non-linear dynamic and non-linear

non-Gaussian measurement model. However, the models in question are not similar to the

models of the proposed multi-sensor positioning system.

Much of the available research on multi-sensor positioning systems has been done in a sim-

ulated environment with well-established assumptions of the Gaussianity of measurement

errors and linearisation of measurement models [77, 104, 107, 108]. However, due to the

fusion of the traditionally used data (e.g., GNSS) and non-traditional ranging data (e.g.,

Wi-Fi, UWB), there is a need to investigate traditional assumptions and how they hold up

for the terrestrial ranging data. In this case, where GNSS data are fused with terrestrial

ranging information from LPS, understanding the error distribution for non-traditional

ranging signals remains the problem. Further, it is unknown if linearisation for the LPS

measurements is a good approximation of the non-linear LPS measurement model.

4.3.1 Multi-sensor Particle Filter

The implemented multi-sensor EKF has already been presented in Section 3.3.2.1. The

PF implementation is a modified version of the mathematical model described in [77].

Unlike the EKF, the PF is a non-linear non-Gaussian filter. “For non-linear or non-

Gaussian problems there is no general analytic (closed-form) expression for the a posteriori

distribution [100].” PF approximates a posteriori distribution of a state vector at the time

k by employing the random particles (i.e., hypotheses h) Xh
k =

[
rk vk ak ckb

]T
, which

are propagated through a dynamic model (Equation 3.17), and the associated weights whk

[77, 102, 103]. Thus, making a set
{
Xh
k , w

h
k

}Nh
h=1

where h ∈ 1, 2, . . . , Nh. The larger the

number of particlesNh is, the closer PF characterisation comes to the analytical description

of the a posteriori probability density function (PDF) [103].

As in [77], the importance density is chosen to be the a priori density p(Xk, X
h
k−1) which

is drawn from the system model. In practice, this means that a set of particles Xh
k is

propagated through the dynamic model using Equations 3.16 and 3.18 or Nh particles.

Initially, the particles are weighted the same. Furthermore, the initial particles are drawn

from the random Normal distribution around the initial state vector.
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Particle weights are then updated based on the measurement likelihood as shown in the

Equation 4.2. To each particle in the sample, a weight whk is attributed based on the

likelihood of observations Zk =
[
dIN(k) ρS(k)

]T
. According to [77], the associated weight

is given as follows,

whk = whk−1 · p(Zk|Xh
k ), (4.2)

where p(Zk|Xh
k ) stands for a likelihood function of the measurements Zk. The likelihood

function for the case of integrated terrestrial range measurements dIN(k) and pseudoranges

ρS(k) can be calculated as a product of the PDF associated with each measurement [77].

As in [77] and as shown in Equation 4.3, it is assumed that LPS and GNSS ranges are

statistically independent of each other (within and across each measurement type).

p(Zk|Xh
k )

multi−sensor
=

NIN∏
i=1

pi

 diIN(k)
measured

− d
i(h)
IN(k)

predicted

 · NS∏
m=1

pm

 ρmS(k)
measured

− ρ
m(h)
S(k)

predicted

 . (4.3)

where diIN(measured) and ρmS(measured) are the ith terrestrial range and the mth pseudorange,

respectively. d
i(h)
IN(predicted) is a terrestrial range calculated based on Equation 3.23 using the

ith infrastructure node coordinates and a sample Xh
k of Nh particles. ρ

m(h)
S(predicted) denotes

a pseudorange calculated based on Equation 3.24 using the mth satellite coordinates and a

sample Xh
k of Nh particles. In Equation 4.3, the probability of terrestrial range measure-

ment is denoted by pi and it is calculated as a difference between every terrestrial range

measurement and the predicted ranges for particle h where h ∈ 1 . . . Nh. pm is the pseu-

dorange probability and it is calculated as a difference between every pseudorange and the

predicted pseudoranges for particle h. This is where either Gaussian assumption is made,

or a better approximation of the actual error distribution can be used. pi ∼ N (0, σ2
IN )

(as in Equation 3.21) or Equation 4.1 with parameters from Table 4.1 can be used as

a better approximation. For GNSS measurements, a Gaussian assumption will be made

pm ∼ N (0, σ2
S) (as in Equation 3.22).

Associated weights whk , calculated using Equation 4.2, are then normalised so that
Nh∑
h=1

whk =

1 is true. The estimated user’s state X̂k is calculated based on normalised weights and

particles Xh
k [102, 103].

X̂k =

Nh∑
h=1

whk ·Xh
k . (4.4)
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After estimating the user’s state, the particles are resampled to avoid the “degeneracy of

the weight” [99]. In this research, the method described in [100] is used for resampling.

4.3.2 Results and discussion

As the aim is to test the impact of the Gaussian error distribution assumption and the

impact of linearisation of the measurement model on the positioning solution, a set of

experiments is performed for three different sets of data: GPS, WASP data, and a combi-

nation of the GPS and the WASP data (further: GPS+WASP).

The effect of linearisation is tested by comparing the EKF and the PF performance under

the assumption of Gaussianity for all measurements. The effect of Gaussian error distribu-

tion model is tested by comparing two different implementations of the PF where one uses

the fitted GMM for terrestrial range error distribution, and the other assumes Gaussianity.

Lastly, the overall effect of both the Gaussian assumption and linearisation is tested by

comparing the EKF performance and the performance of the PF that does not make any

of those assumptions.

A zero-mean Gaussian error distribution with a standard deviation of 7.1 m is assumed

for GPS measurements. That value is chosen based on the User Equivalent Range Error

(UERE) for single frequency C/A code pseudoranges from [109]. Further, when Gaussian

error distribution is assumed for terrestrial ranges, a standard deviation of 1 m is used.

When Gaussianity is not assumed, parameters of the three-component GMM from Ta-

ble 4.1 are used. The process noise that consists of acceleration noise and receiver clock

bias noise are also assumed to be normally distributed with zero mean and variances that

are randomly drawn from the standard normal distribution at every timestamp for all

particles. All the PFs were run 15 times for half a million particles.

4.3.2.1 Extended Kalman Filter performance

The EKF performance for GPS data is shown in Figure 4.3a. Given the offset of the

trajectory from the ground truth, a bias is present in the positioning solution. As can be

seen in Figure 4.4, HPE is mostly between 2.5 and 3 m. This bias is present since none of

the systematic GPS error sources are modelled out as described in [16] (e.g., atmosphere

effects, satellite clock error, multipath). When initialising the EKF, the user is assumed to

be static, and the initial position is assumed to be adequate ground truth position. As a
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result, due to the biased pseudorange measurements, the estimated positions diverge from

the ground truth at the beginning of the estimation process (Figure 4.3a). Figure 4.3b

shows the user trajectory when only the WASP data are used. The trajectory of the

GPS+WASP data is not shown, however, Figure 4.4 shows that the performance is similar

to the WASP data performance. As visible in the majority of the estimated positions,

the WASP system is not under any obvious systematic biases. Further, when combined

with the GPS pseudoranges, it is shown that the WASP data affects the whole system’s

performance since the solution converges closer to the ground truth (see Figure 4.4). That

greater effect of the WASP data is expected due to the weighting of the data (i.e., chosen

variances for the pseudoranges and terrestrial ranges). Large position errors can be noticed

in Figure 4.3b. The most likely explanation is the presence of the unmodelled outliers in

the WASP terrestrial ranges. As shown in Figure 4.4, when the WASP data are used,

∼ 90% of the position estimates are within 1 m from the ground truth.

(a) (b)

(c) (d)

Figure 4.3: Examples of the EKF and the PF performance. 2D EKF trajectories are
shown in the local coordinate system. a) The EKF estimation based on GPS data only.
b) The EKF estimation based on the WASP data. c) The PF estimation based on the
GPS+WASP data with the assumption of Gaussianity. d) The PF estimation based on

the GPS+WASP data with GMM distribution for relative ranging errors.
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Figure 4.4: CDF plot for comparison of the EKF and PF performances based on the used
data sets and measurement error assumptions. As per the graph legend, different data
sets are shown in different colours. PF performance is shown with higher line width. The
solid line is used when Gaussian assumptions are made and dashed lines when Gaussianity

is not assumed for WASP data. PF performance of all 15 runs is shown here.

4.3.2.2 Particle Filter performance

The PF performance of the GPS data is similar to the EKF performance with HPE

∼ 2.7 m. The trajectory shown in Figure 4.3c is estimated based on the Gaussian error

distribution assumption, and the trajectory in Figure 4.3d is estimated based on the fit-

ted GMM (both are examples of one PF run for GPS+WASP data). As can be seen in

Figure 4.4 (dashed lines), when the Gaussianity is not assumed (i.e., GMM used) better

accuracy is achieved (for 3 − 4 cm) for both data sets. As shown in Figure 4.4, the per-

formance of the WASP data and the GPS+WASP data is similar. Two larger divergences

from the ground truth are visible in Figure 4.3c. This happens when only GPS data are

available at those time instants, because of which, the estimated positions diverge due to

the biased GPS measurements. In Figure 4.3d, when the distribution of terrestrial ranges

is not assumed to be Gaussian, those divergences are not visible.

4.3.2.3 Comparison of Extended Kalman Filter and Particle Filter

The performance of the EKF and the PF is compared in Figure 4.4 to test the impact of

Gaussian assumptions and measurement model linearisation. As is shown in the Cumula-

tive Distribution Function (CDF) plot, the PF generally performs better than the EKF.

The performance of the PFs for the WASP and the GPS+WASP data are similar (see

Figure 4.4 and Table 4.2).
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Table 4.2 shows the descriptive statistics calculated for the performance of the EKF and

all the PF runs. Averages, standard deviations, maximum and minimum 2D errors were

calculated.

Table 4.2: Statistical Information about HPEs.

Estimator Data type� Distribution∗
Avg
[m]

St Dev
[m]

Max
[m]

Min
[m]

90%?

[m]

EKF

GPS G 2.644 0.223 2.962 0.789 2.813

WASP G 0.617 1.921 22.109 0.031 0.761

G+W G 0.933 2.636 21.844 0.010 1.501

PF

GPS G 2.704 0.207 5.799 0.812 2.802

WASP G 0.268 0.148 0.939 0.023 0.441

WASP GMM 0.231 0.148 1.965 0.003 0.389

G+W G 0.263 0.167 1.653 0.003 0.427

G+W GMM 0.232 0.149 1.837 0.001 0.388
� Used data set is specified. ‘G+W’ denotes the GPS+WASP data. ∗ G denotes Gaussian distribution

assumption.? ‘90%’ column gives information about the range within which 90% of 2D errors are
contained.

Firstly, the performance of the EKF and the PF under the Gaussian assumption is com-

pared to test the effect of measurement model linearisation. On average, the PF filter

outperforms the EKF for ∼ 36 cm and ∼ 67 cm for the WASP and the GPS+WASP data,

respectively (see Table 4.2). The standard deviation is significantly smaller for the PF

due to large range errors caused by the outliers in the data that the EKF is unable to

deal with. 90% of the EKF errors are smaller than 76 cm and 1.5 m depending on the

data set, however, for the PF with assumed Gaussianity, that value falls to 43− 44 cm for

both the WASP and the GPS+WASP data. Figure 4.5 graphically presents the accuracy

improvement of 57% and 72% when the PF is used, depending on the used data set. As ex-

pected, this shows that the first-order Taylor expansion is not a good approximation of the

non-linear measurement model presented in Section 4.3 and that the PF, as a non-linear

estimator, is more appropriate for this positioning system.

Secondly, the performance of the PF under the Gaussian assumption and the PF where

the GMM is used as the terrestrial range error distribution is compared. The results in

Table 4.2 show accuracy improvement when a better approximation of the actual error

distribution (i.e., GMM) is used. On average, accuracy is improved by 3− 4 cm for both

the WASP and the GPS+WASP data, and the standard deviation of the errors is similar.

When the GMM is used, 90% of errors are smaller than 39 cm for both data sets. However,

90% of the position estimates for the PF with the Gaussian assumption are within 44 cm
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Figure 4.5: Average accuracy improvement from the EKF to the PF with GMM as a
WASP measurement error distribution. The graph presents improvement for WASP and

GPS+WASP data set calculated based on the data in Table 4.2.

and 43 cm of the ground truth, for the WASP and the GPS+WASP data, respectively.

This confirms that using the distribution fitted on the empirical data, and not assuming

Gaussianity, on average, reduces the effect of the outliers. As shown in Figure 4.5, using

the better WASP measurement error distribution approximation (i.e., GMM), on average

improved accuracy by 14% and 12% for WASP and GPS+WASP data, respectively.

Lastly, the EKF performance is compared with the PF that uses GMM for terrestrial

range error distribution. An overall improvement in accuracy can be observed when the

measurement model is not linearised and Gaussianity not assumed. On average, 39 cm

and 70 cm accuracy improvement is achieved for the WASP and the GPS+WASP data,

respectively (see Table 4.2). This means that on average, accuracy improved 63− 75% (as

seen in Figure 4.5).

Although this work aims to explore the effects of linearisation and the Gaussian assump-

tion on estimation accuracy, the practicality of implementing these algorithms in real-time

applications cannot be ignored. As expected, the resampling and a large number of parti-

cles used in the computation makes the computational cost of the PF, significantly higher

than that of the EKF. To run 3 min of 1 s frequency measurements, the cost of the

EKF is in order of seconds and the PF under 3 min on average. In the case of 1 s mea-

surement frequency, the PF would generally be practical in real-time applications. The

algorithm could still run in real-time but would need to be coded for speed and/or use

higher performance processing hardware. As the main goal of this research is to develop

an integrity algorithm capable of achieving desired levels of integrity, this issue was not

further considered.
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The benefits of fusing two independent absolute positioning systems are shown for both

algorithms, the EKF and the PF. It is demonstrated in the case of biased GPS data

that having an additional positioning system, can improve accuracy significantly. It is

also demonstrated, that in case of unavailability of the GPS (i.e., only WASP), good

performance is achievable. The PF based positioning framework has an advantage over

the EKF based positioning framework since it deals better with the non-linearities of the

measurement model and outliers in the WASP data.

4.4 Cooperative positioning system

Based on the previous analysis, multi-sensor PF and consequently, the cooperative PF is

chosen as the underlying position estimator for the integrity algorithm to be proposed in

the next chapter. In this section, the chosen position estimator will be presented.

The PF mathematical model used in this research is based on the one from [77]. A

user is being positioned using the distributed CP system. As before, the state vector is

denoted by Xk =

[
rk

1×3
vk
1×3

ak
1×3

cb(k)
1×1

]T
(Equation 3.14) and it consists of 3D position

rk, 3D velocity vk, 3D acceleration ak and the GNSS receiver clock bias cb(k). The state

is being estimated over time where the current time instant is denoted by k. The GNSS

receiver clock bias is given in units of length (i.e., metre in this case) which is calculated

by multiplying the clock bias with the speed of light.

The position of a dynamic node is being updated with terrestrial range measurements from

the LPS and GNSS pseudoranges. Equation 4.5 shows the measurement vector Zk. It can

consist of NIN terrestrial ranges measured from the dynamic node to the infrastructure

nodes denoted by dIN , terrestrial ranges dCP measured to NCP other dynamic nodes (i.e.,

users) in the cooperative network, and NS GNSS satellite pseudoranges ρS received by the

dynamic node at a time instant k. In the case of the CP, a measurement vector Zk will

consist of all types of measurements. However, in the case of multi-sensor positioning, it

will consist of dIN and ρS only. The total number of available measurements is equal to

NIN +NCP +NS in case of CP.

Zk
(NIN+NCP+NS)×1

=

[
dkIN

1×NIN
dkCP

1×NCP
ρkS

1×NS

]T
. (4.5)

Section 4.4 is part of the paper Integrity risk estimates for multi-sensor and cooperative positioning
systems. It is in a process of revision following peer review by IEEE Sensors Journal.
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In addition to the measurements, positions of GNSS satellites over time are necessary, as

well as the static positions of the LPS anchor nodes. All coordinates are given in the ECEF

frame which is Cartesian global reference coordinate system. The system model (i.e., state

evolution) Xk = FkXk−1 + ωk as in Equation 3.16, is a constant acceleration model and

equations of motion governing this model are: ṙ = v and v̇ = a (Equation 3.17). ωk

is the process noise which is normally distributed with zero mean and covariance matrix

Qk =

[
0

1×3
0

1×3
ωa
1×3

ωcb
1×1

]T
. The covariance matrix consists of the acceleration noise

with variance ωa and GNSS receiver clock bias noise with variance ωcb . Since the system

model is the constant acceleration model, the transition matrix Fk is the same as in

Equation 3.18.

As before, due to PF not having a general closed-form expression for the a posteriori

distribution of the state, it is approximated by propagating a set of Nh particles through

the dynamic model. Each particle h with the state Xh
k is assigned a weight whk . Thus, a

set
{
Xh
k , w

h
k

}Nh
h=1

of particles is formed. For every k, a new set of particles is propagated

through the dynamic model and the particle weights are updated based on the likelihood

of the measurements Zk as in Equation 4.2: whk = whk−1 · p(Zk|Xh
k ).

Because of the cooperative nature of the proposed positioning system where LPS ter-

restrial ranges and GNSS pseudoranges are fused, the likelihood function p(Zk|Xh
k ) of

the measurements Zk is calculated for every particle h as a product of the PDF of each

measurement type [77]. The probability of each particle h for CP is

p(Zk|Xh
k )

cooperative
=

NIN∏
i

pi

 diIN(k)
measured

− d
i(h)
IN(k)

predicted

 · NCP∏
j

pj

 djCP (k)
measured

− d
j(h)
CP (k)

predicted


·
NS∏
m

pm

 ρmS(k)
measured

− ρ
m(h)
S(k)

predicted

 .

(4.6)

PDFs for LPS terrestrial ranges to the infrastructure nodes, to other dynamic nodes, and

GNSS pseudoranges are denoted by pi, pj and pm, respectively, where i ∈ 1, 2, . . . , NIN ,

j ∈ 1, 2, . . . , NCP and m ∈ 1, 2, . . . , NS . pi is calculated for the difference between every

available terrestrial range measurement diIN(measured) to infrastructure node i, and the

predicted measurement for particle h denoted by d
i(h)
IN(predicted). pj is calculated for the

difference between every available terrestrial range measurement djCP (measured) to dynamic

node j, and the predicted measurement for particle h denoted by d
j(h)
CP (predicted). pm is

calculated for the difference between every available GNSS pseudorange ρmS(measured) for
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GNSS satellite m and the predicted pseudorange ρ
m(h)
S(predicted). Predicted LPS terrestrial

ranges and GNSS pseudorange are calculated for each particle h, where h ∈ 1, 2, . . . , Nh,

using the following equations,

d
i(h)
IN(k) =

√
(xiIN − xhk)2 + (yiIN − yhk )2 + (ziIN − zhk )2, (4.7)

d
j(h)
CP (k) =

√
(x
j(k)
CP − xhk)2 + (y

j(k)
CP − yhk )2 + (z

j(k)
CP − zhk )2, (4.8)

ρ
m(h)
S(k) =

√
(xmS − xhk)2 + (ymS − yhk )2 + (zmS − zhk )2 + chb(k). (4.9)

The coordinates of the particle h are given as (xh, yh, zh)k. The coordinates of the infras-

tructure node i are denoted by (xiIN , y
i
IN , z

i
IN ). The coordinates of the dynamic node j

cooperating with the user at time k are (xjCP , y
j
CP , z

j
CP )k. GNSS satellite m coordinates

at time k are given as (xmS , y
m
S , z

m
S )k and the GNSS receiver clock bias is denoted by chb(k)

for particle h.

In case of the Gaussian assumption, error distributions of all measurement types can be

given as,

pi ∼ N (0, σ2
IN ), (4.10)

pj ∼ N (0, σ2
CP ), (4.11)

pm ∼ N (0, σ2
S). (4.12)

The standard deviations are denoted by σIN , σCP , and σS for LPS ranges to infrastruc-

ture, LPS ranges to other users and GNSS pseudoranges, respectively. For the GMM,

Equation 4.1 and parameters from Table 4.1 can be used to calculate pi and pj .

After the weight update and their normalisation, the state of the user is estimated as

shown in Equation 4.4. For multi-sensor positioning, state estimation is performed in one

iteration. However, in the case of the CP, two iterations are necessary. All users first

perform multi-sensor positioning as the first iteration. Then, in addition to the measured

distances between each other, users share their own positions r̂jk = X̂j
k,1:3 (estimated in the

first iteration as a part of the state vector) and the trace of the corresponding covariance

sub-matrix trace(R̂jk). As in [77], the estimated covariance matrix P̂ jk for the dynamic
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node j (where R̂jk is the sub-matrix corresponding to the position) is calculated as follows,

P̂ jk =

Nh∑
h=1

w
j(h)
k

(
X
j(h)
k − X̂j

k

)(
X
j(h)
k − X̂j

k

)T
1−

Nh∑
h=1

(
w
j(h)
k

)2
. (4.13)

Once data from NCP dynamic nodes is received, the user is able to update the particle

weights using Equations 4.2 and 4.6 where pj for dynamic node j is normally distributed

with zero-mean and variance that is now equal to the intrinsic LPS range variance σ2
IN

added to the uncertainty of dynamic node’s position at time instant k, trace(R̂jk) [77].

(
σjCP (k)

)2
= σ2

IN + trace(R̂jk). (4.14)

The second iteration is finalised once the weights are updated and CP state vector is esti-

mated using Equation 4.4. Lastly, to avoid “degeneracy of the weight”, after position and

integrity estimation, particles weights are resampled according to the method described in

[100] and the process of estimating user’s position and integrity for the following timestamp

is started.

4.5 Conclusions

This chapter has demonstrated that using the non-linear filter instead of measurement

model linearisation on average results in 57% and 72% position estimate improvement

depending on the used data set. In that case (i.e., when the non-linear model is used), the

accuracy of the proposed positioning system is on average ∼ 26 cm.

Additional accuracy improvement of 14% and 12% has been shown when fitted three-

component GMM is used, rather than a Gaussian distribution approximation, for the

terrestrial ranging data error distribution. This improvement was in the order of a couple

of centimetres. For some applications this may be enough to assume Gaussianity but, it is

unclear how that would impact the integrity performance since the description of the tail

ends of the a posteriori distribution is important for integrity.

Overall, for the WASP and the GPS+WASP data sets, 63% and 75% average accuracy

improvements have been observed when the non-linear non-Gaussian filter is used. An av-

erage accuracy of ∼ 23 cm for both data sets (i.e., WASP and GPS+WASP) was achieved.
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Significance of these improvements depends on the designed algorithm, its application and

positioning requirements. These results indicate significant improvement when the linear

approximation is not made. The same cannot be said for the Gaussian assumption and the

GMM. Although an improvement was shown, it is not clear if the Gaussian assumption

significantly impacted the performance.

Nevertheless, this work has demonstrated the performance benefits of better error mod-

elling and non-linear filtering. Based on the results of the previous chapters, multi-sensor

and CP solutions with the PF algorithm are chosen as underlying positioning systems of

the integrity algorithm that is to be proposed in the next chapter.



5
Position integrity algorithms

This chapter proposes three novel integrity algorithms based on Bayesian Receiver Au-

tonomous Integrity Monitoring (BRAIM). Three problems of position integrity algorithms

and IM in general for land-based applications for GNSS challenging environment are ex-

plored: measurement availability, requirements for sufficient measurement redundancy and

the presence of large biases. The need for measurement redundancy was mitigated by using

BRAIM. This enabled the employment of a Fault Detection and Exclusion (FDE) algo-

rithm without the required minimum availability of six measurements. A Spatial Feature

Constraint (SFC) algorithm is implemented to constrain solutions to feasible locations

within a road feature in order to increase the estimated integrity. Three algorithms are

proposed — FDE+BRAIM, SFC+BRAIM, FDE+SFC+BRAIM.

103
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5.1 Introduction

Chapters 2 and 3 demonstrated the need for a more appropriate integrity algorithm for

the urban environment. Through the literature review and experimental evaluation of the

integrity requirements, I have decided to focus on three major factors — measurement

availability, the requirement of the sufficient measurement redundancy and large biases.

In addition to that, Chapter 4 demonstrated the need for a position estimator that does

not rely on linear approximation due to the non-linearity of LPS, and that does not rely

on Gaussian assumptions of LPS measurements.

As demonstrated, solutions based on GNSS data only and/or RAIM cannot be relied on

when it comes to the urban environments. The biggest disadvantages of applying the

classical RAIM algorithms in the urban environment are a result of the determination of

the integrity in the measurement domain based on sufficient measurement redundancy.

Consequently, integrity estimate is often unavailable as the measurement unavailability

often occurs in such challenging environments [84]. As a possible solution to this problem,

multi-sensor and cooperative positioning were proposed to assure measurement availability

in urban environments and to improve positioning accuracy.

Chapter 4 experimentally demonstrated that linear approximations made in EKF (com-

monly used method of fusing data) are not appropriate for multi-sensor and CP systems

where GNSS data and LPS ranges are fused. It was also demonstrated that positioning

accuracy can be improved if the Gaussian assumption is not made for LPS ranges. To

further improve positioning accuracy, the PF was chosen as an underlying positioning

algorithm.

Given all these integrity requirements, a RAIM method with the PF as the underlying po-

sition estimator is chosen. That method is called Bayesian RAIM (BRAIM). To deal with

large measurement biases and to improve the integrity estimate, FDE and SFC algorithms

will be implemented with BRAIM. As discussed in Chapter 2, FDE is a method commonly

paired with RAIM algorithms, and it is used to isolate large biases. Furthermore, when

it comes to the ITS applications, SFC can constrain the vehicle to the road and further

reduce the faults.

With all of that in mind, in this chapter, BRAIM as a method of estimating integrity in

the position domain is presented, and three novel solutions aimed at improving integrity

performance are proposed.
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5.2 BRAIM

Unlike civil aviation, land-based operations are more affected by biases such as multi-

path due to the presence of reflective surfaces like buildings, vehicles and trees [16, 110].

Furthermore, due to the inability of GNSS signals to propagate through obstacles, the

availability of GNSS data is reduced in urban environments. Algorithms like RAIM de-

veloped for civil aviation may not be appropriate for such challenging environments. A

review of the literature has been carried out in [17] where different classical RAIM algo-

rithms have been discussed from a perspective of land-based applications. One of the main

highlighted problems of classical RAIM algorithms is that they require sufficient measure-

ment redundancy to estimate integrity. When it comes to GNSS data, a minimum of

four measurements are required for position estimation, five for integrity estimation and

fault detection, and a minimum of six for single fault exclusion in order to be able to still

estimate integrity in case a fault is excluded [16, 17]. The effect of this problem has been

experimentally shown in Section 3.3 where integrity availability could not be estimated

due to insufficient GPS measurement redundancy almost 50% of the time in downtown

Melbourne, Australia. When the measurement redundancy requirement was satisfied, in-

tegrity was available ∼ 2% of the time. In this case, the use of multi-GNSS would probably

reduce the occurrence of insufficient measurement redundancy. However, the problems of

using a GNSS only solution in the urban canyon would remain.

The BRAIM algorithm, as shown in [18], has been adapted here with the PF as an under-

lying position estimator to mitigate the problem of insufficient measurement redundancy.

Unlike the classical RAIM algorithms where integrity is estimated in the measurement

domain, BRAIM estimates integrity in the position domain by solving “the state-space

estimation problem by finding the a posteriori distribution of the state X̂k”[18]. This is

relevant since the integrity is estimated based on an a posteriori error distribution which is

always available, as opposed to the indirect estimation through observations as in classical

RAIM algorithms [18]. Because of that, integrity estimate will be available even if the

measurements are not. However, without any measurements, the a posteriori distribu-

tion, and by default, the integrity estimate, would mainly be based on the a priori state

distribution. This will affect the trustworthiness of such a result.

Sections 5.2, 5.4 and 5.5 were first published in Navigation, Journal of Institute of Navigation in Sum-
mer 2021 paper entitled Case study of Bayesian RAIM algorithm integrated with Spatial Feature Constraint
and Fault Detection and Exclusion algorithms for multi-sensor positioning ([22] in the bibliography).
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Although BRAIM does not require measurement redundancy, the fusion of GNSS pseu-

doranges and terrestrial ranges should positively affect the a posteriori distribution [92]

and consequently the integrity. The fusion of GNSS and terrestrial ranges (as defined

and used in this research) is not commonly used in integrity and IM algorithms for ITS

applications. Only two studies that have done this have been found [70] [63]. It is also

worth mentioning that similar efforts of ensuring sufficient measurement redundancy have

been previously made in civil aviation. For example, [27] and [111] demonstrate navi-

gation integrity method for aircraft precision landing using the GNSS and ground-based

pseudolites which ensure sufficient measurement redundancy.

Given that the positioning system used in this thesis is capable of achieving positioning

accuracy well under the required AL that will be used as one of the requirements, it is

expected that the frequency of misleading information will be reduced.

Unlike the classical RAIM methods where PL is estimated, the BRAIM algorithm esti-

mates the probability of misleading information pMI . pMI is the probability of the position

error being out of bounds of the required AL. It can be estimated by performing integra-

tion of the a posteriori distribution over a set ΩALX̂k (as shown in Equations 5.1 and 5.2)

[18]. The BRAIM algorithm and equations below have been first presented in [18].

1− pMI =

∫
ΩALX̂k

Nh∑
h=1

whkδ(X
h
k − X̂k)dXk (5.1)

where

ΩALX̂k = {X1:Nh
k,1:3 |‖X

1:Nh
k,1:3 − X̂k,1:3‖ ≤ AL}. (5.2)

Equation 5.2 shows that ΩALX̂k is a subset of a set of all Nh particles for which the distance

from the particles X1:Nh
k,1:3 and estimated position X̂k,1:3 is smaller than the required AL.

Hence, if a particle h is part of the ΩALX̂k subset, its position is within the bounds of AL

from the estimated position and its weight is summarised towards the pMI . δ denotes a

Dirac delta function. Indices 1 : 3 indicated that the first three states corresponding to

the 3D position as shown in Equation 3.14 are used to calculate the distance.

Equation 5.1 can be simplified as shown in Equation 5.3. There, it is clear that the pMI is

directly calculated as a sum of particle weights for those particles in a subset of particles

J , where J is {h : Xh
k,1:3 ∈ ΩALX̂k}. Unless all the particles are within AL from the
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estimated position, 1− pMI will never be equal to one.

1− pMI =
∑
h∈J

whk (5.3)

In addition to AL, IR is another integrity requirement. Once the pMI is estimated, it is

compared with the required IR probability pIR. More on this in the Section 5.5. The

pseudocode for multi-sensor BRAIM is given in Algorithm 1. For CP BRAIM, pMI is

estimated during the second iteration of CP PF position estimate.

Algorithm 1 Pseudocode for BRAIM

pIR, AL
Initialise Xk and wk for Nh particles
for time epoch k do

Propagate particles through dynamic model
Measurement likelihood: p(Zk|Xh

k )
Update particle weight: whk = whk−1 · p(Zk|Xh

k )

State estimate X̂k

if ‖Xh
k,1:3 − X̂k,1:3‖ ≤ AL where h ∈ 1, 2, . . . , Nh then

1− pMI =
∑

h∈J w
h
k

end if
if pMI ≤ pIR then

“Integrity is available!”
else

“Integrity is not available!”
end if
Particle weight resampling

end for

Algorithm 1 currently keeps running even after integrity becomes unavailable. If this

algorithm was to be implemented for a real-world ITS application, the user would either

stop the operation and reinitialise, or it would switch to an alternative positioning system,

if available. However, in this thesis, this was not done as one of the main goals was to

demonstrate how pMI changes with the new incoming measurements.

The presented BRAIM is similar to the multiple hypotheses approach presented in [112].

In this research, every particle represents a hypothesis with the assigned weight given the

measurement likelihoods. The approach in [112] is “founded on the direct evaluation of

IR under the unified consideration of all single-element failure hypotheses and the no-

failure hypothesis”. As here, pMI (or in their case pIR) is defined as the likelihood that

the unknown position error exceeds AL. As in this thesis, [112] determines integrity

unavailability when pMI exceeds the required IR.
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A RAIM method based on PF is presented in [56] where each particle is considered a hy-

pothesis as well. Because PF is not analytically tractable and the particles are numerically

propagated, each particle can ‘hypothesise’ about the correctness of different measurement

subsets through the process of weighting them. As explained in [56], BRAIM can test mul-

tiple hypotheses and their likelihoods by distributing IR or as used in this thesis, pMI ,

among all possible hypotheses. This, in turn, provides a robust estimation of pMI since

multiple hypotheses are considered and not just one with respect to the presence of faulty

measurements (as it is done in the classical RAIM methods) [56]. Hence, it could be said

that the BRAIM method will be able to deal with the presence of faulty measurements

robustly due to multiple hypotheses.

An additional difference from the classical RAIM methods is the fact that pMI is estimated

and not the protection level PL. However, there are classical RAIM methods such as the

one presented in [15], which have been adapted to the urban environment by equating

PL and AL. With that, the probability of false alarm was no longer a requirement, and

because of that it was not constant (see Section 2.5.1). Although different, a parallel could

be drawn with the BRAIM method where pMI is adaptable depending on robust multiple

hypotheses and PL can, for practical purposes, be considered to be equal to AL.

5.3 Comparison of BRAIM and RAIM

Following the performance analysis of the classical RAIM algorithm in Section 3.3, this

section aims to introduce some main characteristics of BRAIM through comparison with

the classical RAIM methods detailed in Section 2.4.

Figure 5.1 shows side-by-side flowcharts of classical RAIM (from now on — RAIM) and

BRAIM. In addition to representing the RAIM and BRAIM algorithms, these flowcharts

demonstrate some of the key differences between the two. As mentioned before, the biggest

difference is the fact that BRAIM estimates integrity in the position domain and RAIM

estimates it in a measurement domain [18]. This reflects on the integrity assessment which

has been shown in Section 3.3 where the estimate of integrity availability was unavailable

50% of the time in an urban canyon due to lack of sufficient redundant measurements.

Because the position estimate is always available, BRAIM will always be able to estimate

integrity. But, if the integrity is estimated in the measurement domain as it is in RAIM,

The content of Section 5.3 has not been previously published.
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Figure 5.1: Side-by-side flowcharts of classical RAIM and BRAIM.

it will not be possible to estimate it if no measurements or not enough redundant mea-

surements are available. In terms of IM in urban environments, this is problematic as

such environments often experience low satellite availability or no satellite availability at

all, which could result in large unavailability of integrity estimate by default. Because of

the way integrity is estimated in RAIM, it is directly dependent on the geometry quality

[84]. In open-sky environments, this may not present a problem as the satellite/network

geometry tends to be good. In urban environments, such characteristics may cause bad

integrity estimates, as the geometry always changes and is generally not good due to the

low measurement availability and complexities of the environment [84]. It could be con-

cluded that algorithm such as BRAIM is more appropriate for the urban environment.

Characteristics of RAIM and BRAIM are further compared in Table 5.1.

Although it is not the focus of this research, the computational cost of running algorithms

like BRAIM needs to be mentioned. Given the results from [92] it is expected that the

cost of running BRAIM with the PF as the position estimator is higher than that of the

RAIM. Compared to a couple of seconds run-time of the EKF, PF+BRAIM run-time is

expected to be over 2 minutes for stand-alone GPS and just over 3 minutes for multi-sensor
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Table 5.1: Comparison of the classical RAIM and BRAIM characteristics.

WLS RAIM BRAIM

Measurement domain estimation Position domain estimation

Requires at least 5 measurements Does not require measurements

Integrity est. not always available Integrity est. always available

Proportional to DOP Not proportional to DOP

Not computationally costly Computationally costly

“Assumes correctness of a
single state estimate” [56]

“Assumes likelihood over a
state estimate in the form of particles” [56]

“Retains a single measurement
-fault hypothesis” [56]

“Retains a particle distribution over
different measurement-fault hypotheses” [56]

data. The algorithm could run in real-time but would need to be coded for speed and/or

use higher performance processing hardware. As this is not one of the main aims of this

thesis, this problem was not considered.

5.4 Position integrity algorithms

When designing novel integrity algorithms proposed in this research, factors like measure-

ment availability, measurement redundancy and the effect of biased measurements were

considered. So far, the first two factors have been addressed. In this section, the latter

factor will be considered and three novel integrity algorithms will be proposed.

5.4.1 BRAIM paired with Fault Detection and Exclusion algorithm

By using the multi-sensor/CP system and by implementing the BRAIM as the integrity

method, the challenges of measurement availability and insufficient redundancy in the

urban environment have been mitigated. The effect of large biases created by multipath

needs to be addressed.

Despite BRAIM’s advantage of robust pMI estimate, the estimate may benefit from in-

tegrating the BRAIM and a simple FDE algorithm. FDE algorithms are always paired

with the integrity methods as part of the pre-screening process aimed at removing faulty

measurements before integrity availability estimate is made. Although BRAIM estimates

integrity no matter the number of measurements, the a posteriori distribution is still neg-

atively affected by large biases [110]. Error sources like multipath can cause outliers in
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available measurements that are then introduced into the particle weight update process

and consequently, the position and integrity estimation. It was shown in Chapter 4 that

the implemented PF deals with larger errors better than the EKF. However, they still

affect the positioning performance and therefore, integrity. To minimise the instances of

misleading information that can happen due to larger positioning errors, before estimating

pMI , an FDE is performed in the measurement domain.

It is expected that the overall integrity estimate will improve and rate of false positives and

negatives will decrease by employing a Fault Detection and Exclusion (FDE) algorithm in

addition to multi-sensor BRAIM (i.e., FDE+BRAIM algorithm).

The FDE algorithm would, as in some RAIM methods [17], use measurement residuals

to detect and exclude multiple faulty measurements. A comparison of different FDE

methods is provided in [41] and [113] (e.g., subset testing, sequential local test, forward-

backwards test, Danish method). Papers [52, 63, 70, 114] and [115] propose and implement

different FDE methods for the purpose of IM. However, a lot of available literature requires

measurement redundancy of at least six measurements to remove one fault [114, 115] or

is only able to consider one fault at each time-stamp [52, 70]. In [70], an FDE method

capable of excluding a single fault even if RAIM is not possible is proposed. This is

necessary for the urban environment where measurement redundancy cannot be expected

[84]. Cooperative Integrity Monitoring is proposed in [63] in addition to the FDE algorithm

that is capable of better detection of GNSS faults than RAIM, and of detecting multiple

faulty cooperative measurements.

In this thesis, multiple fault FDE is possible without a limitation on the number of mea-

surements that can be removed. Because RAIM depends on sufficient redundant mea-

surements, the exclusion of faulty measurements usually stops when there are less than

six measurements left. However, when the FDE and BRAIM algorithms are used, the

exclusion of faulty measurements can proceed past this point since the problem of having

sufficient measurements is addressed by using the BRAIM algorithm.

The chosen FDE algorithm is a simple outlier test described in [38] and [116]. However,

some small modifications have been made here to adapt to the PF framework presented

in Chapter 4. Instead of using the least-squares estimated position, the PF estimated

position X̂k is used. The difference between the vector of measurements Zmeasured and
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predicted measurements Zpredicted is given as,

∆Z = Zmeasured − Zpredicted. (5.4)

Zpredicted is calculated using the Euclidean formula for 3D distance between user’s esti-

mated position (from state vector X̂k) and appropriate infrastructure node or a satellite.

The residual vector res can be calculated as follows,

res =
[
I −H

(
HTH

)−1
HT
]

∆Z (5.5)

where I denotes the identity matrix and H denotes a measurement matrix.

Hk
(NIN+NS)×10

=
[
Hd1
k . . . H

dNIN
k Hρ1

k . . . H
ρNS
k

]T
, (5.6)

Hdi
k =

[
∂dik
∂rk
1×3

0
1×3

0
1×3

0
1×1

]
, (5.7)

Hρm
k =

[
∂ρmk
∂rk
1×3

0
1×3

0
1×3

1
1×1

]
. (5.8)

As in [92], the measurement matrix H describes the linear relation between the measure-

ments (i.e., the LPS ranges and GNSS satellite pseudoranges) and the state estimate X̂k.

Due to the non-linearity of the measurement model (as shown in Equations 3.23 and 3.24),

the measurement matrix H consists of Jacobian matrices derived for every range (Equa-

tion 5.7) and pseudorange measurement (Equation 5.8). The Jacobians are the first-order

partial derivatives of Equations 3.23 and 3.24 with respect to estimated state X̂k. Equa-

tion 5.9 shows the test statistic for fault detection calculated based on the measurement

residual res and degrees of freedom DOF .

teststat =

√
resT res

DOF
. (5.9)

DOF = n−nunknowns for n = NIN +NS measurements and nunknowns states (i.e., in this

case it is a part of the state vector: 3D position and receiver clock bias).

The threshold is calculated as,

Th = σo

√
Tchi
DOF

(5.10)



Position integrity algorithms 113

where Tchi denotes a normalised chi-squared distribution threshold calculated using the

DOF and the probability of false alarm pFA as the probability of exceeding the threshold

under normal conditions, which would falsely alert the user. Since pFA is related to the

continuity risk, value pFA = 10−5 as defined in [4] was chosen. σo is the a priori standard

deviation of the measurements.

In case teststat ≤ Th the fault has not been detected. Otherwise, the fault has been

detected. Once the fault has been detected, the measurement with the highest residual

res is removed, and residuals, the test statistic and the threshold are recalculated. This

process is repeated as long as the DOF > 0 and teststat > Th. Due to the use of

multiple measurement systems (i.e., LPS and GNSS), choosing a common value of Th

and comparing it with the test statistic calculated based on the joint H matrix will result

in FDE being either too loose or too stringent for one or both measurement types. To

avoid this issue, separate test statistics and threshold values have been determined for

satellite and LPS measurements. For both types, σo = 1 was used. DOF values were also

determined separately. Then, the fault presence was detected separately for each type as

explained above.

If any faults are detected and faulty measurements excluded, the PF a posteriori state

X̂k is re-estimated since the measurement likelihood function p(Zk|Xh
k ) and consequently,

particle weights change. Now, pMI is calculated and integrity availability assessment is

made. The pseudocode for FDE+BRAIM is given in Algorithm 2. As previously for

BRAIM, CP FDE is performed during the second iteration of CP PF position estimate.

The chosen method of FDE is the simplest method of fault detection and exclusion. It

should be noted that this thesis aims to demonstrate the proof-of-concept for the proposed

ideas and algorithm combinations, and not to propose a robust FDE method for two

types of measurements. The proposed concept of combining FDE with BRAIM can work

with any FDE algorithm. FDE methods designed for a PF would be ideal since linear

approximations and Gaussian assumptions would not be made. For example, [117] uses a

bank of auxiliary PFs to detect faults.

5.4.2 BRAIM paired with Spatial Feature Constraint algorithm

Given that the vehicles are constrained to roads, a Spatial Feature Constraint (SFC)

[118] algorithm was implemented to further remove the effect of faulty measurements
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Algorithm 2 Pseudocode for FDE+BRAIM

pIR, AL
Initialise Xk and wk for Nh particles
for time epoch k do

Propagate particles through dynamic model
Measurement likelihood: p(Zk|Xh

k )
Update particle weight: whk = whk−1 · p(Zk|Xh

k )

State estimate X̂k

Initialise FDE: ∆Z, res, teststat and Th
if teststat ≤ Th then

“The fault has not been detected!”
BRAIM integrity assessment as in Algorithm 1
Particle weight resampling

else
“The fault has been detected!”
Exclude measurement where max(res)
while teststat > Th and DOF > 0 do

Re-calculate ∆Z, res, teststat and Th
Exclude measurement where max(res)

end while
Re-estimate particle weights and X̂k

BRAIM integrity assessment as in Algorithm 1
Particle weight resampling

end if
end for

and to decrease the IR. Unlike the classical Map Matching (MM) algorithm where a

position solution is snapped back to the spatial feature, SFC eliminates the particles (i.e.,

hypotheses) of the PF that are not within the spatial feature. The particles bounded

by the spatial feature are re-weighted. Usually, the GNSS integrity and the integrity of

MM are considered separately as in [119]. On the contrary, [57] proposes a method where

both positioning and MM are performed simultaneously by the PF, which includes both

processes in the integrity estimate. In addition to MM where 2D maps are usually used,

recently, 3D maps have been used for characterising/detecting GNSS errors in the urban

environment in order to aid the IM [115, 120]. This research will use a 2D map to represent

spatial features, and the position integrity estimated by the proposed algorithms will also

include the integrity of the SFC algorithm.

The previous algorithm, FDE+BRAIM, in addition to not being dependent on measure-

ment availability/redundancy as a result of the nature of BRAIM, also attempts to mitigate

the problem of measurement outliers in the measurement domain (FDE). However, there

is a third component that needs to be considered: the implementation of the BRAIM

algorithm (the effect of summarising the particle weights as shown in Figure 5.2). Because
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the integrity is assessed based on the sum of weights for the particle subset determined as

in Equation 5.2, the integrity is going to directly depend on the measurement likelihood

of those particles. In theory, looking at Equation 5.3, correct classification of integrity

availability depends on having as many particles as possible within the AL from the es-

timated position. Otherwise, those particles that are bounded by AL and closer to the

true position need to be assigned a higher weight. Additional information necessary for

the increase of particle weights is derived from the SFC method.

Figure 5.2: Example of how BRAIM works. Weights of particles within AL (green) are
summarised.

To achieve this, the fact that most vehicles drive on the roads was used. A simple SFC

algorithm as presented in [118] was applied by utilising the map of the road network. As

in [121], the measurement likelihood can now be redefined with a binary weighting scheme,

p(Zk|Xh
k ) =


ε, h outside of road polygon

p(Zk|Xh
k ), h inside of road polygon

(5.11)

where particles that are outside of the predefined road polygon get assigned a very small

or zero likelihood ε and the particles that are within the road polygon get assigned the

likelihood calculated according to Equations 4.3 and 4.6 for multi-sensor and cooperative

positioning, respectively. In this thesis ε = 0. Having defined measurement likelihood for

each particle, particle weights can be updated as shown in Equation 4.2 and consequently

normalised to sum up to 1.

The example of how SFC works is shown in Figure 5.3. It is expected that by effectively

eliminating the particles outside of the road network (ε = 0) and increasing the weights

of the particles within the road network, the weight of some particles bounded by AL

will also increase. Hence, the integrity estimate is expected to be improved. Algorithm 3



Position integrity algorithms 116

presents the pseudocode for SFC+BRAIM. As before, SFC for CP is performed during

the second iteration of position estimation.

Figure 5.3: Example of how SFC+BRAIM works. Weights of particles within AL and
the road feature are summarised.

Algorithm 3 Pseudocode for SFC+BRAIM

pIR, AL
Initialise Xk and wk for Nh particles
for time epoch k do

Propagate particles through dynamic model
for particle h do

if particle ∈ polygon then
Measurement likelihood: p(Zk|Xh

k )
else

Measurement likelihood: 0
end if

end for
Update particle weight: whk = whk−1 · p(Zk|Xh

k )

State estimate X̂k

BRAIM integrity assessment as in Algorithm 1
Particle weight resampling

end for

The quality of map data is a problem to be considered for the purpose of global scalability of

an MM or SFC integrity algorithm [57]. In [118], the effect of using real maps, that are often

affected by problems such as missing attribute data or mapping errors, on the positioning

and integrity estimation is shown. By utilising the OpenStreetMap data in [118] as an

example of globally available map data, the capabilities of utilising currently available

maps for globally applicable integrity estimation has been experimentally demonstrated

(this will be shown in the next chapter).

To avoid problems such as the one shown in [118], in this thesis, a map created specifically

for the test area is used (see Section 3.4 and Figure 3.21). Furthermore, in order to not
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base the proposed method on the assumption of the “perfect map”, a buffer area was

created around the map to account for the assumed accuracy of the map. To validate

the algorithms, the accuracy of 1 m will be assumed. By doing this, the pMI of the SFC

process will decrease because more particles will be within the map feature. Theoretically,

this will increase pMI (it will get worse) since particles and their weights (i.e., hypotheses)

will be dispersed further than the ones when “perfect map” is used. This should provide a

more realistic position integrity estimate, i.e., pMI estimate. In results, the SFC method

implemented with the added buffer will be denoted with ‘map+1m’.

5.4.3 BRAIM paired with Fault Detection and Exclusion and Spatial

Feature Constraint algorithms

Finally, to mitigate the problems addressed previously, FDE, SFC and BRAIM are com-

bined into the FDE+SFC+BRAIM algorithm. SFC binary weighting scheme is imple-

mented (see Algorithm 3) during the re-estimation of particle weights wk and user’s state

X̂k in Algorithm 2. It is expected that the results of this implementation will provide the

best results since both the measurement outlier mitigation (FDE) and increase of particle

weights that are within the road feature (SFC) will be implemented in addition to the

BRAIM algorithm.

5.5 Performance evaluation metrics

BRAIM, FDE+BRAIM, SFC+BRAIM and FDE+SFC+BRAIM provide binary results:

“Integrity is available!” and “Integrity is not available!” (as shown in Figure 5.1). In the

proposed algorithms, AL and IR are the integrity requirements, where AL is used to bound

the particles for integrity estimation, and IR is used to “decide” if the integrity is available

or not. The IR probability pIR can be defined as a maximum allowed probability that the

estimated position will exceed the required AL. If the estimated probability of misleading

information pMI is smaller than the required pIR, the integrity is estimated to be available.

Otherwise, integrity is unavailable.

The integrity value and its availability are estimated in real-time. To evaluate the capa-

bility and performance of presented algorithms, the integrity and position estimate will be

compared to the otherwise unavailable ground truth (i.e., position error PE).
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Given the binary output of the integrity algorithm in real-time, when compared to PE,

there are four possible outcomes:

• Integrity is available. Integrity is correctly classified as available when PE ≤ AL

and pMI ≤ pIR are true.

• Integrity is not available. Integrity is correctly classified as unavailable when PE >

AL and pMI > pIR are true.

• False negative (i.e., false alarm). Integrity is incorrectly classified as unavailable

when PE ≤ AL and pMI > pIR are true. The user is alerted when it should not

have been.

• False positive. Integrity is incorrectly classified as available when PE > AL and

pMI ≤ pIR are true. The user is not alerted when it should have been.

The example of false negative and false positive can be given on an anti-collision system.

In the case of the false negative, the user is informed that the integrity is not available

when it should be, which causes the vehicle to brake or stop unnecessarily. In the case of

the false positive, the user is not alerted about the unavailability of integrity, which could

result in a collision.

In this thesis, one of the ways the performance will be evaluated is through the comparison

of different estimated values of probability of misleading information. In addition to this,

the rate of integrity availability will be estimated, as described in this section, with four

different outcomes in mind — integrity available, integrity unavailable, false alarm, false

positive. It is common to use Overall Correct Detection Rate (OCDR) as in [44]. However,

this rate includes both the correct identification of availability and the unavailability of

integrity. In this thesis, the rate of availability and unavailability will be presented sep-

arately as the aim is not just to increase OCDR but also to increase the availability. In

addition to reducing pMI and improving integrity availability, the aim of the implemen-

tation of algorithms like the FDE and SFC, is to reduce false negative and false positive

rates.

5.6 Conclusions

Three novel integrity algorithms are proposed in this chapter — FDE+ BRAIM (a com-

bination of FDE and BRAIM), SFC+BRAIM (a combination of SFC and BRAIM) and
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FDE+SFC+BRAIM (a combination of FDE, SFC and BRAIM). The capabilities of these

algorithms will be compared to the existing BRAIM, which was also presented in this

chapter. Compared to [18] which used simulated stand-alone GNSS test data, in this

research the proposed algorithms and the BRAIM will be evaluated using the real-world

data fusion of GPS data and P2I and P2P terrestrial range data.

The performance of these algorithms will be analysed in Chapter 6 where the results will be

presented. It should be noted that the implementation of the presented algorithms will be

used as a proof-of-concept. All of the algorithms are easily customisable by implementing

more sophisticated FDE and SFC algorithms. Furthermore, current algorithms are not

curated for a specific bias present in the urban environment. More customisation is possible

in that area.



6
Results and discussion

This chapter analyses the performance of the proposed integrity algorithms for the multi-

sensor and the cooperative solution. Firstly, RAIM performance is compared to the pro-

posed BRAIM for three different positioning solutions — stand-alone GPS, multi-sensor

and cooperative positioning. This is followed by the analysis of the same three position-

ing solutions for the BRAIM, BRAIM paired with FDE, BRAIM paired with SFC, and

finally, BRAIM paired with both the FDE and the SFC. The performance of these novel

algorithms is analysed based on integrity metric improvement (i.e., reduction of probabil-

ity of misleading information) and the integrity availability for the generalised road-level

application. Lastly, the utility of the proposed SFC approach is tested on real-world data

using the existing open-source map data.

120
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6.1 Introduction

The goal of this chapter is to present the performance of the proposed integrity algorithms

in terms of improvement in integrity metric estimation (i.e., probability of misleading in-

formation) and in terms of the availability of integrity for road-level application. Although

it is not the focus of this thesis, the positioning accuracy is presented and discussed for bet-

ter understanding of algorithms and their effects on the positioning. Some of the research

questions that this chapter will answer are — What is the best achievable probability of

misleading information for the multi-sensor and cooperative positioning system based on

PF? What is the rate of success of the proposed methods? How does the probability of

misleading information and integrity availability change depending on the algorithm con-

ditions? Are the proposed algorithms sufficient for road-level or lane-level applications?

The structure of the chapter is graphically represented in Figure 6.1.

Figure 6.1: Chapter 6 structure.

Firstly, the performance of the BRAIM algorithm will be compared with the performance

of the RAIM method in Section 6.2. As mentioned previously, the performance of the

BRAIM presented in [18] has been evaluated on simulated GNSS data for six satellites.

In this analysis, the performance of the BRAIM will be evaluated on the real-world GPS,

multi-sensor and cooperative data described in Section 3.4. The main contribution of

this section is the results for the first distributed, fully connected cooperative position

Parameter specifications detailed in Section 6.1 were first published in Navigation, Journal of Institute
of Navigation in Summer 2021 paper entitled Case study of Bayesian RAIM algorithm integrated with
Spatial Feature Constraint and Fault Detection and Exclusion algorithms for multi-sensor positioning ([22]
in the bibliography).
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integrity method where the integrity measure is simultaneously estimated based on all the

measurements involved in the measurement model.

Section 6.3 shows the second analysis, which compares GPS only, multi-sensor and coop-

erative BRAIMs with the performance of the three proposed integrity algorithms for the

same three solutions. Those three novel algorithms are a combination of BRAIM and FDE,

BRAIM and SFC and BRAIM, FDE and SFC. They are proposed as one of the major

contributions of this thesis. As such, the contribution of this section is the analysis of the

performance of those novel algorithms, including the integrity results for the cooperative

solution.

The third and final analysis, presented in Section 6.4, looks further into the utility and

limits of the SFC approach. Unlike the previous two analyses, this will be done on GPS

data collected in Melbourne as described in Section 3.3. The main contribution of this

section is the analysis of the SFC approach in addition to the BRAIM, where globally

available map data are used.

When estimating the performance of the proposed algorithms, the following requirements

will be used in the first two analyses. A required IR of 1·10−7/per epoch and pFA = 1·10−5

based on [4] and [122] will be used. A HAL of 5 m is chosen according to [10] which is

a requirement for road-level application accuracy and is a stringent SCA requirement in

Table 2.5.

The error distribution of GPS measurements is assumed to be Gaussian with zero mean

and a standard deviation of 5.7 m [123]. The error distribution of WASP measurements

is either assumed to be Gaussian with zero mean and standard deviation of 0.9 m, or the

three-component GMM defined in Section 4.2, Table 4.1 is used as a better approximation

of the measurement error distribution. Acceleration noise and GNSS receiver clock bias

noise were both assumed to be Gaussian with zero mean and variances randomly drawn

from the standard normal distribution N (0, 1) at every time epoch for all particles. Every

PF was run ten times for 300000 particles. The proposed algorithms were validated offline

and not in real-time with the incoming stream of data. This also means that there was no

need to have a system in place to relay the predetermined global coordinates of LPS nodes

to the user. In a real-time system, this would have to be done through internet access to

a database containing information about infrastructure nodes or using protocols such as

the Dedicated Short Range Communication (DSRC) [124].
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Table 6.1 specifies different parameters used in different analyses. It is to be noted that

all of these will be further specified in the respective sections.

Table 6.1: Experiment parameters used in different analyses.

Analysis
Integrity

requirements
Particle
number

Error
distribution

GPS

Error
distribution

WASP

Injected
errors Data

1
Sec. 6.2

pIR = 1 · 10−7

HAL = 5m
300 000

σ =
5.7m

Gaussian:
σ = 0.9m

GMM:
Table 4.1

∅ Sydney
Sec. 3.4

2
Sec. 6.3

pIR = 1 · 10−7

HAL = 5m
300 000

σ =
5.7m

Gaussian:
σ = 0.9m

GMM:
Table 4.1

GPS:
80-120s
3σ − 6σ
WASP:
1-90s
+25m

or+10m

Sydney
Sec. 3.4

3
Sec. 6.4 HAL = 5m 300 000

Sat.
elev.
based

variance

∅ ∅ Melbourne
Sec. 3.3.1

It should also be noted, although Chapters 4 and 5 present algorithms capable of estimating

3D PE and pMI , in this research, results are presented for the horizontal domain as that

component of the position is more important for land-based applications. Thus, HPE,

HPL and HAL are considered.

6.2 Comparison of BRAIM and RAIM

This section builds upon the work done in Section 3.3 and Chapter 4 by analysing the

performance capabilities of two different RAIM algorithms: classical RAIM (Section 2.4.1),

which is based on EKF, and BRAIM (Section 5.2), which is an algorithm with the PF

as an underlying estimator. This section aims to analyse capabilities of BRAIM only for

GPS, multi-sensor and CP systems and compare the performance with the RAIM method.

Results presented in Section 6.2 are part of the paper Integrity risk estimates for multi-sensor and
cooperative positioning systems. It is in a process of revision following peer review by IEEE Sensors
Journal.
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Multi-sensor and CP positioning solutions are set up as explained in Chapter 4. The

multi-sensor solution is based on GPS pseudoranges and P2I ranges (Figure 6.2). This

will be denoted with GPS+WASP. Further notation can be added depending on the error

distribution used for WASP measurements. In addition to the GPS pseudoranges and P2I

ranges, the CP solution is based on the P2P WASP ranges and the shared positions of the

collaborating vehicles (Figure 6.3). This will simply be denoted with CP with the added

notation of error distribution used for all WASP ranges.

Figure 6.2: Multi-sensor solution using P2I terrestrial ranges to the LPS and GNSS
pseudoranges for position and integrity estimation.

Figure 6.3: Cooperative solution using the P2I terrestrial ranges to the LPS, P2P ter-
restrial ranges between all the vehicles, shared positions of all the vehicles in the network

and GNSS pseudoranges for position and integrity estimation.

The results are presented based on the used position solution (just like Section 2.5). Firstly,
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the performance is analysed for stand-alone GPS data where both RAIM and BRAIM have

been implemented. This is followed by the results for multi-sensor data where the same

algorithms have been implemented. Lastly, the performance for CP between two, three

and four users are presented for the BRAIM algorithm only. Integrity is analysed in terms

of an improvement of the estimated integrity values and later discussed in terms of the

integrity availability, for road-level application. The improvement of estimated integrity is

observed through the improvement of HPL for RAIM and pMI for BRAIM. The experiment

parameters used to produce the results are specified in Table 6.1.

6.2.1 Positioning and integrity performance

In terms of the position accuracy, the EKF and the PF performances are similar for GPS

data. As concluded in Chapter 4, this happens because the EKF’s first-order Taylor

series approximation of the non-linear measurement model is a good approximation for

GPS data. Because of that. Using a non-linear estimator like the PF does not have a

significant impact on the position estimation. Average HPE for both the EKF and PF is

around 2.7 m with a standard deviation of around 0.2 m.

Table 6.2 shows the estimated integrity parameters which depend on the implemented

algorithm. Both algorithms have the same requirements — IR pIR and HAL. However,

HPL is estimated in RAIM and probability of misleading information pMI is estimated in

BRAIM. The results show that for the required IR of 1 · 10−7, RAIM is able to achieve a

median HPL of 32.83 m. Implementation of BRAIM results in median pMI of 2.56 · 10−1

integrity which is significantly larger than the required IR. In both cases, the estimated

integrity values indicate that the integrity estimates based on GPS only are not satisfactory

for given integrity requirements. It could be concluded that stand-alone GPS in not

adequate for integrity monitoring in urban environments. To mitigate this problem, in

line with the review of the literature and the analysis in Chapter 3, GPS is integrated

with P2I LPS ranges.

Table 6.2: Comparison of the estimated integrity for GPS data.

Req. HAL Req. IR Alg. Med. est. integrity

5 m 1 · 10−7
RAIM HPL 32.83 m

BRAIM pMI 2.56 · 10−1



Results and discussion 126

The positioning performance for GPS+WASP data is consistent with the positioning re-

sults presented in Section 4.3.2. For the RAIM that is based on EKF position estimator,

an average HPE is 0.95 m. This is reduced to 0.26 m and 0.34 m when PF is used and

Gaussianity is assumed for WASP range error distribution, or GMM approximation is

used, respectively. Table 6.3 shows the estimated integrity values for multi-sensor RAIM

and BRAIM. The median estimated HPL has decreased to 5.36 m. GPS and WASP data

fusion has resulted in median estimated integrity of 1.33·10−10 and 3.04·10−7, for Gaussian

assumption and GMM approximation for WASP error distribution, respectively. In case

of the Gaussian assumption, that is three orders of magnitude better than the required

IR of 1 · 10−7, and for the GMM it is close to the required IR. The results of this section

indicate the potential of the multi-sensor system for road-level applications. When GMM

is used, the estimated integrity should be improved to increase integrity availability rates.

To potentially further improve the availability of road-level integrity, CP is implemented.

Table 6.3: Comparison of the estimated integrity for multi-sensor data.

Req. HAL Req. IR Alg. GPS+WASP Med. est. integrity

5 m 1 · 10−7

RAIM HPL 5.36 m

BRAIM
Gaussian pMI 1.33 · 10−10

GMM pMI 3.04 · 10−7

CP has been tested on the BRAIM algorithm only, for two, three and four users collab-

orating in the network. Average positioning accuracy remained around 0.26 m for both

the Gaussian and the GMM error distributions of WASP.

It can be observed in Table 6.4 that the median integrity estimate for road-level applica-

tions keeps improving as the number of nodes cooperating increased. Compared to the

initial integrity for multi-sensor BRAIM, an improvement of one order of magnitude has

occurred for a network of four users in CP BRAIM.

Figures 6.4 and 6.5 summarise the above results for BRAIM and show how median pMI

improved with the different positioning solutions as well as the number of users in coop-

eration.
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Table 6.4: Estimated integrity parameters for CP BRAIM.

Req. HAL Req. IR CP No. of users Med. est. pMI

5 m 1 · 10−7

Gaussian

2 5.75 · 10−11

3 2.63 · 10−11

4 1.75 · 10−11

GMM

2 1.27 · 10−7

3 8.33 · 10−8

4 3.24 · 10−8

Figure 6.4: Improvement of the median BRAIM integrity estimate through the em-
ployment of a more advanced positioning solution. The Gaussian assumption is made for

WASP error distribution.

6.2.2 Discussion on availability

The availability of integrity can be calculated as shown in Section 5.5 for the estimated

integrity values and calculated HPE.

Given the estimated values of HPL and pMI for GPS only data in Table 6.2, and the

average HPE of 2.7 m, it is clear that FA rates will be high. In both the RAIM’s and

the BRAIM’s case, the FA rate of 100% was observed. This is true for the road-level

application requirements defined at the beginning of this chapter. Both of these solutions

may be satisfactory for less stringent applications, as shown in Table 2.5. For example,
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Figure 6.5: Improvement of the median BRAIM integrity estimate through the employ-
ment of a more advanced positioning solution. WASP error distribution is approximated

by the GMM.

those can be PCA where required IR can range from 1 · 10−4 to 1 · 10−3 and HAL from

20 m to 40 m.

The results shown in Figures 6.6 and 6.7 indicate that the approach to mitigate problems of

integrity unavailability for stand-alone GPS by implementing multi-sensor and CP integrity

was successful.

Integrity availability for RAIM method increased from previously 0% to 40.22%. In Sec-

tion 3.3 real GPS data was integrated with the simulated terrestrial ranging data, and the

results have shown that availability increased to almost 100% in the open-sky scenario.

Although useful for testing algorithm capabilities quickly and cheaply, the results in this

section confirm the importance of collecting real-world data in terms of producing more re-

alistic results. Furthermore, BRAIM has shown an improvement from 0% for stand-alone

GPS to 96.85% availability for GPS+WASP(Gaussian) data. This was further improved

to 97.88% by implementing CP BRAIM. As shown in Tables 6.3 and 6.4, when Gaus-

sianity for WASP is not assumed, pMI values are larger by three orders of magnitude. As

expected, this reflected negatively on the integrity availability. The best achieved correctly

classified integrity availability of 63.3% was achieved for four cooperating users.
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Figure 6.6: Comparison of RAIM and BRAIM integrity availability rates for road-level
applications. Gaussian assumption is made for WASP error distribution.

Figure 6.7: Comparison of RAIM and BRAIM integrity availability rates for road-level
applications. WASP error distribution is approximated by the GMM.

The results of this section indicate the expected superiority of the BRAIM over the RAIM

method, in terms of both the positioning and the integrity performance. However, dis-

crepancies between the performance of integrity algorithms depending on the distribution
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of the WASP measurements need to be addressed. This will be discussed in the following

section.

6.3 Performance of the three novel algorithms

This section aims to present the performance of the three novel algorithms proposed in

this research — FDE+BRAIM, SFC+BRAIM and FDE+SFC+BRAIM. Firstly, the po-

sitioning performance is discussed, which is followed by the integrity performance results.

Lastly, a brief discussion is made on the integrity availability for the road- and lane-level

ITS applications.

Since data used for initial algorithm validation were collected in the environment without

any obstacles (as detailed in Section 3.4), some large errors were injected into the measure-

ments. For timestamps 1-50 and 40-90, ranging errors of 25 m and 10 m for two different

LPS nodes were injected, respectively. This created an overlap of 10 s (timestamps 40-50)

where two large errors are injected into the measurement vector. In addition to injecting

errors for two LPS nodes, errors for two satellites are injected. The two satellites with the

lowest elevations (in this experiment, elevation for both is under 20◦) were chosen. For

timestamps between 80-120, a random error of size 3σS to 6σS (as seen in [113]) is injected

for both of the satellites. For 10 s (timestamps 80-90), three large injected errors were

present in the system. All experiment parameters used to produce the results are specified

in Table 6.1.

6.3.1 Positioning performance

As expected, the implementation of different algorithms for integrity has resulted in differ-

ent HPEs. Table 6.5 details all the average HPEs, the standard deviation of the HPEs and

the maximum HPEs for GPS only, GPS+WASP and cooperative (WASP under Gaussian

assumption and for GMM) data sets for every proposed algorithm. All values in the table

are calculated based on all ten runs of each of the PFs.

Section 6.3 was first published in Navigation, Journal of Institute of Navigation in Summer 2021 paper
entitled Case study of Bayesian RAIM algorithm integrated with Spatial Feature Constraint and Fault De-
tection and Exclusion algorithms for multi-sensor positioning ([22] in the bibliography). Results regarding
cooperative integrity performance are new and have not been published or submitted for publication yet.
Consequently, the same is true for the discussion related to cooperative integrity results.
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Table 6.5: Positioning performance results

Data Algorithm Avg HPE Std Max

[m] [m] [m]

G

B 4.32 3.85 21.14

FDE+B 2.96 1.41 19.26

SFC+B (map+1m) 3.03 2.02 16.89

SFC+B 2.91 1.80 15.83

FDE+SFC+B (map+1m) 2.62 1.12 9.42

FDE+SFC+B 2.63 1.19 9.44

G+W
Gaussian

B 0.25 0.17 1.74

FDE+B 0.25 0.17 1.49

SFC+B (map+1m) 0.24 0.14 0.91

SFC+B 0.27 0.15 1.52

FDE+SFC+B (map+1m) 0.25 0.16 1.18

FDE+SFC+B 0.28 0.17 1.60

G+W
GMM

B 0.26 0.28 4.31

FDE+B 0.31 0.44 5.46

SFC+B (map+1m) 0.24 0.20 3.43

SFC+B 0.26 0.26 4.68

FDE+SFC+B (map+1m) 0.29 0.35 5.33

FDE+SFC+B 0.31 0.42 5.99

CP
Gaussian

B 0.25 0.18 1.82

FDE+B 0.27 0.18 1.28

SFC+B (map+1m) 0.24 0.14 0.83

SFC+B 0.27 0.17 1.44

FDE+SFC+B (map+1m) 0.25 0.16 1.06

FDE+SFC+B 0.27 0.18 1.24

CP
GMM

B 0.25 0.20 1.92

SFC+B (map+1m) 0.31 0.42 3.60

SFC+B 0.40 0.65 4.72

For GPS data, an improvement of the average HPE can be observed with the implemen-

tation of all novel algorithms. The average HPE for BRAIM is 4.32 m, which is due to

the injected errors. The best performance is observed for the multi-sensor and cooper-

ative FDE+SFC+BRAIM algorithm (with the ‘perfect map’ and a map with a buffer).

Here, map error did not affect the positioning performance. The average HPE for the

FDE+SFC+BRAIM algorithm is comparable to the performance of PF in Section 4.3.2
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for the same GPS data when no errors were injected. In the case of GPS+WASP and CP

data (when Gaussianity of WASP data is assumed and when GMM is used), the average

HPE drops to ∼ 0.30 m and does not change significantly depending on the algorithm.

On average, in this instance, different integrity algorithms did not significantly impact

positioning performance. As it was shown in Chapter 4, the proposed positioning sys-

tems based on the multi-sensor and cooperative fusion of GPS and WASP data is capable

of achieving positioning accuracy required for the road- and lane-level applications [10].

Standard deviations and maximum errors of the GPS+WASP when the WASP actual

error distribution is approximated by a GMM are larger than the ones when Gaussianity

is assumed. It is not clear why this happens. One of the reasons may be due to the GMM

assigning particles that have a larger error with a higher probability (Equation 4.1). This

may also be due to large errors injected into data as described. Nevertheless, more research

into this is necessary in the future.

6.3.2 Integrity performance

This section presents the integrity results for the required HAL = 5 m. The integrity

results will be presented in terms of change of estimated pMI (i.e., integrity estimate)

depending on the used algorithm for GPS only, GPS+WASP and CP multi-sensor data.

The performances of GPS+WASP and CP data are tested under the Gaussian assumption

and for GMM approximation for WASP measurements. Even though a three-component

GMM (Equation 4.1) with parameters in Table 4.1 was shown to be a better approximation

to the WASP error distribution, it is valuable to see how pMI is affected by this commonly

made assumption of Gaussianity.

Table 6.6 presents the integrity results for HAL = 5 m. The median value was chosen

as a metric of change of the estimated pMI since it provides a better idea of the typical

integrity value. This is demonstrated in Table 6.6 where a difference of two to six orders

of magnitude is observed between the average and median pMI for GPS+WASP data.

In these cases, the average value is skewed by high values of pMI (e.g., maximum pMI

column).

The results presented for GPS data show improvement of the median estimated pMI

with the implementation of different methods. The best result is, as expected, shown

for FDE+SFC+BRAIM algorithm. However, it cannot be said that the improvement is

significant, and it does not satisfy the required IR of 1 · 10−7. As expected, the values
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Table 6.6: Estimated integrity for AL = 5 m

Data Algorithm Med
pMI

Avg
pMI

Max
pMI

G

B* 2.59e-01 3.18e-01 0.92

FDE+B 2.53e-01 3.05e-01 0.71

SFC+B (map+1m) 1.26e-01 1.64e-01 0.76

SFC+B 1.09e-01 1.47e-01 0.68

FDE+SFC+B (map+1m) 1.23e-01 1.55e-01 0.56

FDE+SFC+B 1.06e-01 1.34e-01 0.58

G+W
Gaussian

B 3.31e-10 5.24e-05 8.26e-03

FDE+B 2.68e-10 2.81e-08 1.84e-06

SFC+B (map+1m) 5.71e-12 4.89e-06 1.22e-03

SFC+B 1.325e-12 5.07e-06 4.49e-03

FDE+SFC+B (map+1m) 5.48e-12 9.06e-10 2.97e-07

FDE+SFC+B 1.326e-12 1.86e-09 1.52e-06

G+W
GMM

B 6.97e-07 1.08e-03 0.15

FDE+B 9.67e-07 3.90e-03 0.98

SFC+B (map+1m) 5.81e-08 2.05e-04 0.10

SFC+B 2.94e-08 4.29e-04 0.37

FDE+SFC+B (map+1m) 9.68e-08 8.94e-04 0.20

FDE+SFC+B 3.39e-08 7.40e-04 0.21

CP
Gaussian

B 4.55e-11 3.33e-05 3.07e-03

FDE+B 2.22e-15 1.96e-10 3.51e-08

SFC+B (map+1m) 1.70e-12 4.28e-06 7.29e-04

SFC+B 2.74e-13 5.34e-06 9.52e-04

FDE+SFC+B (map+1m) 0 1.89e-14 2.79e-12

FDE+SFC+B 0 6.99e-15 7.02e-13

CP
GMM

B 6.00e-08 1.01e-04 0.01

SFC+B (map+1m) 9.04e-09 4.33e-04 0.05

SFC+B 5.84e-09 6.20e-04 0.06

shown in Table 6.6, indicate that the implementation of proposed methods with GPS only

is not feasible for any ITS application.

The performance of GPS+WASP and CP data (under Gaussian assumption) is shown

in Figure 6.8. The left y-axis shows the change of median integrity estimate pMI (blue

circle marker) depending on the implemented algorithm, which is always shown on the
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x-axis. With the fusion of GPS and WASP data, the required level of integrity (i.e., pMI)

is achieved. Implementation of different methods has resulted in notable improvement

of the integrity estimate. Median pMI for BRAIM is 3.31 · 10−10 which improves to

1.33 · 10−12 when both FDE and SFC are implemented with the BRAIM algorithm (i.e.,

FDE+SFC+BRAIM). Notably, FDE algorithms have not significantly affected the median

pMI . The SFC algorithm shows the biggest impact on the estimated pMI . As expected,

pMI increases when a map with a buffer is used. However, the impact of accounting

for map error was not significant in this experiment. Once the CP solution is used, the

integrity performance of the BRAIM estimate improves by an order of the magnitude.

Unlike the multi-sensor solution, the biggest impact on the median integrity is visible with

the implementation of FDE in addition to the BRAIM. Again, the best median estimate

of pMI was achieved for FDE+SFC+BRAIM algorithm. However, in case of CP data,

pMI was equal to 0 (not shown in Figure 6.8, see Table 6.6).

Figure 6.8: Integrity estimation for GPS+WASP data depending on the applied in-
tegrity algorithm.

The right y-axis of the Figure 6.8 shows the worst estimated integrity (orange diamond

marker) which is also shown in the maximum pMI column of Table 6.6. This value is

important as it shows the capability of proposed algorithms to mitigate the effect of mea-

surement outliers (i.e., FDE) and capability to improve integrity by improving the weights

of particles within the map feature (i.e., SFC) (as discussed in Section 5.4.2). The worst

estimated pMI for GPS+WASP data is 8.26 ·10−3 for the BRAIM algorithm. With the im-

plementation of FDE, this is improved to 1.84 ·10−6, which is further reduced to 2.97 ·10−7

and 1.52 · 10−6 once SFC was added (i.e., for FDE+SFC+BRAIM). The worst estimate of
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pMI for cooperative BRAIM is similar to the multi-sensor counterpart (i.e., 3.07 · 10−3).

In terms of reducing the worst estimated pMI , SFC+BRAIM was more successful for CP

(by an order of the magnitude). However, the FDE+BRAIM and FDE+SFC+BRAIM

showed further reduction of the worst estimate by two and six orders of magnitude for CP

data, respectively.

Figure 6.9 shows the integrity result for the multi-sensor and CP solution where WASP

ranging errors are distributed with three-component GMM (noted with GPS+ WASP(GMM)

and CP(GMM)). Although the average HPE of these positioning solutions is comparable

with the one where Gaussianity is assumed, the integrity estimation is not. Compared to

the results generated for the WASP data under the Gaussian assumption, the integrity

estimate is worse by three to four orders of magnitude. The assumption is that due to

the three-component GMM distribution, the measurements with larger errors have higher

probability and the particles that are further away from the estimated position have larger

weights than in the case of Gaussian assumption. This is important for BRAIM methods

since only weights of particles bounded by HAL are used for pMI estimation (see Fig-

ure 5.2). To confirm this assumption, a study of the a posteriori distribution is necessary

in the future. Initial analysis has supported the assumption.

Figure 6.9: Integrity estimation for GPS+WASP(GMM) data for road-level positioning
depending on the applied algorithm.

The best median pMI for multi-sensor solution (with GMM approximation) is estimated

for the SFC+BRAIM algorithm (with a ‘perfect map’) where 2.94·10−8 was achieved. The

worst estimates of pMI are significantly larger than the ones for the Gaussian counterpart.

Unlike the previous results where the implementation of FDE has improved (slightly)
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the median pMI and significantly reduced the worst pMI , here, the opposite happens for

FDE+BRAIM. The way to rectify this may be to implement an FDE method designed

for PF and hence, without assumptions of error distributions made in the current FDE

method. Once the cooperative WASP ranges were added to the multi-sensor solution

(i.e., CP solution), further improvement of the median pMI was observed. The median

pMI for CP BRAIM showed an improvement of one order of magnitude compared to the

multi-sensor solution (i.e., from 6.97 · 10−7 to 5.996 · 10−8). That is comparable with the

multi-sensor SFC+BRAIM. CP SFC+BRAIM implementation further reduced the median

pMI by an order of the magnitude. When it comes to the worst estimated integrity, an

improvement of one order of the magnitude was observed. It is to be noted that, for the

CP solution, novel FDE+BRAIM and FDE+SFC+BRAIM were not tested. The same

issues noticed for multi-sensor FDE+BRAIM and FDE+SFC+BRAIM occur for the CP.

As shown in Section 2.5, development of appropriate FDE methods is a large research area

related to the problem of IM. Much of the current work for IM deals exactly with FDE

methods. Development of the appropriate FDE method is out of the scope of this research

and will be dealt with in the future.

The literature review in Section 2.5 indicated that unless, RTK or PPP GPS measure-

ments are used, lane-level integrity (i.e., HAL = 1.1 m as in [10]) cannot be achieved.

Nevertheless, this was experimentally demonstrated here for the multi-sensor positioning

solution. Through that, the same can be implied for the CP. The performance of the pro-

posed methods for HAL = 1.1 m is shown in Table 6.7. The best achieved median pMI ,

when Gaussianity of WASP ranges is assumed, is 2.86 ·10−2 for FDE+SFC+BRAIM algo-

rithm. When Gaussianity of WASP ranges is not assumed, the best achieved median pMI

is 3.80 · 10−3. It should be noted that the differences between median integrity estimates

for different algorithms are not as large as they were for road-level integrity (Table 6.6).

The results in Table 6.7 demonstrate that current implementation of the BRAIM and

proposed algorithms are not appropriate for lane-level applications. This is probably due

to actual error behaviour being worse than necessary to achieve HAL = 1.1 m. As noted

before, to achieve this level of integrity, other studies have used PPP (e.g., [58]) or RTK

(e.g., [61]). Additional data such as IMU data may be necessary as both of these methods

have fused GPS with it.
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Table 6.7: Estimated integrity for AL = 1.1 m

Data Algorithm Med
pMI

Avg
pMI

Max
pMI

G+W
Gaussian

B 4.08e-02 7.09e-02 0.78

FDE+B 3.94e-02 6.31e-02 0.65

SFC+B (map+1m) 4.03e-02 6.91e-02 0.73

SFC+B 2.95e-02 4.82e-02 0.70

FDE+SFC+B (map+1m) 3.96e-02 6.19e-02 0.28

FDE+SFC+B 2.86e-02 4.34e-02 0.9999998

G+W
GMM

B 5.40e-03 4.02e-02 0.999995

FDE+B 5.73e-03 4.48e-02 0.9993

SFC+B (map+1m) 4.71e-03 3.51e-02 0.99995

SFC+B 3.40e-03 2.57e-02 0.99

FDE+SFC+B (map+1m) 5.79e-03 4.03e-02 0.998

FDE+SFC+B 3.80e-03 3.41e-02 1.00

6.3.3 Discussion on availability

So far, the estimated probability of misleading information has been presented and dis-

cussed for four different algorithms, three different positioning solutions, different mea-

surement error distributions and for two different generalised applications (road- and

lane-level). As such, the previous section has referred to the position integrity results.

This section will demonstrate and discuss the availability rates of integrity as defined in

Section 5.5. Since the integrity availability will not be based on the BRAIM method only

but for BRAIM paired with FDE and SFC, it can be said that this discussion refers to

the IM.

As shown in the previous section, the effect of different pMI estimations needs to be viewed

in terms of integrity availability from a point of view of ITS applications. Although the

goal is to provide the initial assessment of the proposed algorithms, integrity availability

rates are an important metric that needs to be considered. According to [61], to ensure

reliable positioning, the integrity availability rate should exceed 99%. However, this rate

depends on the application. For autonomous vehicles, it would likely have to be higher

than 99%.

Given the results of IM for GPS only for road-level requirements, and the results for

GPS+WASP for lane-level requirements, the false alarm rate for both exceeds 99%. As
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mentioned earlier, this is likely due to the measurement error behaviour being worse than

necessary to satisfy the application requirements. Integration with different sensors, or use

of PPP or RTK, may be beneficial to the integrity estimates. This was demonstrated for

road-level requirements where pMI improved significantly when GPS data was integrated

with WASP data.

Figure 6.10 shows the integrity availability assessments for GPS+WASP and CP data

with the assumption of Gaussianity for required HAL = 5 m. As shown in Section 5.5,

the four outcomes of IM when compared to HPE are — integrity available, integrity not

available, false alarm (false negative) and false positive. The integrity unavailability and

false positive rates are 0% and are not shown in Figure 6.10.

Figure 6.10: Integrity availability assessment for GPS+WASP data set for road-level
positioning depending on the applied IM algorithm.

Integrity availability rate for GPS+WASP data is shown to increase with every new algo-

rithm implementation. When comparing FDE+BRAIM and SFC+BRAIM algorithms in

Figures 6.8 and 6.10, it is clear that SFC affects BRAIM more than FDE. Implementa-

tion of the FDE algorithm has improved integrity availability of BRAIM for 1.73%, while

∼ 6.4% improvement was shown when SFC was implemented with BRAIM. An integrity

availability exceeding 99% (i.e., 99.89%) was achieved once FDE+SFC+BRAIM was im-

plemented (with the use of buffered map). This means that for FDE+SFC+BRAIM,

99.83% of the time integrity is correctly classified as available due to HPE being lower

than the HAL and estimated integrity pMI being better than the IR pIR. The rest of

the time, integrity is incorrectly classified as unavailable (i.e., false alarm). As shown in

Table 6.5, HPE never exceeds the HAL. However, the integrity estimate exceeds IR in
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some cases (as shown in Table 6.6). False alarm rates decrease when the FDE and SFC

algorithms are integrated with BRAIM due to their effect on the magnitude of the esti-

mated integrity. With the integration of cooperative WASP data, availability of 96.09%

was achieved for BRAIM only, which is 3.74% improvement compared to the multi-sensor

BRAIM. With the implementation of FDE, 100% availability was achieved for CP solution.

Nevertheless, testing on more data collected in various environments would be required to

provide further validation of the proposed method.

The integrity availability assessment for GPS+WASP and CP where WASP error distribu-

tion is approximated by a GMM is shown in Figure 6.11. Due to the lower pMI estimates

shown in Table 6.6, integrity availability is significantly reduced when GMM is used as

the WASP range error distribution. The best integrity availability for multi-sensor data is

64.58% and the lowest false alarm rate is 35.42%. This is achieved for the SFC+BRAIM

algorithm. It should be noted that integrity is correctly classified as unavailable for one

(0.06%) and two (1.11%) time instants when multi-sensor FDE+SFC+BRAIM is used

with the map with buffer and the ‘perfect map’, respectively. Due to its magnitude, it is

not shown in the figure. CP BRAIM achieved 54.19% availability. This is an improvement

of 29.16%, compared to the multi-sensor BRAIM. With the implementation of SFC, the

availability improves to approximately 70%.

Figure 6.11: Integrity availability assessment for GPS+WASP(GMM) data for road-
level positioning depending on the applied algorithm.

Results presented in this section and the one before could suggest that the multi-sensor

and CP solutions under the Gaussian assumption have outperformed those solutions when
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WASP measurement distribution is approximated by a GMM. However, if made, this con-

clusion would be invalid since GMM is a better fit to the actual WASP error distribution

(Section 4.2). The GMM distribution should represent large rare-event errors more ap-

propriately, which is exactly what every integrity algorithm should aim for. Therefore, it

is fair to conclude that the multi-sensor and CP integrity assessment based on the GMM

distribution of WASP, is a better approximation of the actual integrity and is safer to

use because of that. In a case of large rare-event error, if Gaussianity is assumed, the

algorithm may be overconfident and suggest integrity availability when it is not [70].

6.4 Utility of proposed SFC approach

Unlike GNSS and FDE, which can be used globally on any solution, the SFC method

requires map data to aid the integrity algorithm. It can be said that the use of SFC is

limited in terms of global application. The main goal of this section is to demonstrate

what mapping requirements might be in order to utilise the proposed SFC approach.

In most of the research that is using spatial features in Positioning, Navigation and Timing

(PNT) applications, spatial features are coming from maps and data sets that are created

specifically for those studies, in either real or simulated environments. In this research,

a map created specifically for the test area with the added buffer area to account for the

assumed 1 m mapping error was used to produce a proof-of-concept (see Section 3.4).

Maps like these are often biased since the researchers know exactly what data they need

for spatial features, and the collected data might be over-fitted to their specific study

(e.g., road lanes, curbs and traffic lights might be captured more accurately and, in more

detail, than usual). Although such an approach is good for localised studies and model

validation, it is unrealistic to expect it to provide a globally applicable solution because

such spatial data sets might not available. In this section, the capabilities of SFC+BRAIM

in conjunction with the OpenStreetMap (OSM) will be investigated.

The OSM2 is a freely available global map data set as a source of spatial features. It is one

of the most prominent Volunteered Geographic Information (VGI) projects in existence.

As the term VGI [125] suggests, the OSM data is collected and maintained by a community

Section 6.4 was first published a conference paper Robust vehicle localization and integrity monitoring
based on spatial feature constrained PF published as part of the 2020 IEEE/ION PLANS conference
proceedings ([118] in the bibliography) in April 2020. Minor changes have been made to terminology, some
text adapted to the thesis.

2https://www.openstreetmap.org/

https://www.openstreetmap.org/


Results and discussion 141

of volunteers that do not have to be geospatial scientists and covers most of the globe with

high levels of data completeness - especially in urban environments. Because of that, this

map data set was used for extracting the road feature data necessary for SFC.

This study aims to assess the performance of the implementation of SFC+ BRAIM, where

the road network data are extracted from the OSM. In order to obtain a realistic in-

sight into the achievable performance of the proposed method data used in the previous

sections of this chapter could not have been used. A case study is performed in different

environments for real-world Global Positioning System (GPS) data collected in Melbourne,

Australia as described previously in Section 3.3.1. These environments represent the typi-

cal driving scenarios — driving on a highway, driving in the city (i.e., urban canyon), and

driving on the road where the horizon is mostly clear. Although the use of the OSM means

that the proposed method can be applied globally, because road features in the OSM are

generally represented with the centerline and the number of lanes is stored as a spatial

data attribute, the road extents are not readily available. An additional step is needed

where the areas of road need to be generated from the available metadata.

This work is significant since it shows the realistically achievable performance of the pro-

posed integrity algorithm (i.e., SFC+BRAIM) on real-world data and for currently avail-

able map data. As an alternative, an IM method that utilises the visual data to estimate

integrity and maps the environment at the same time could be used. An example of the

SLAM-based IM is proposed in [54].

6.4.1 Experimental setup

This section1 defines the road features using the OSM. The road feature data used in

the SFC part of the proposed method have been extracted from the OSM data set for

Melbourne. In OSM, roads are represented as linear features (i.e., road centerlines). The

number of lanes is stored as a numerical attribute, which means that the road extents are

not readily available.

To obtain the road polygons (i.e., spatial features) that are showing the surface area of

each road, several steps were performed in this study. First, roads were extracted from the

downloaded OSM data set by selecting all linear features for which the highway attribute

has a value different than NULL. Then, the lanes and oneway attributes of the selected

1Table 6.8 and Figures 6.12, 6.13a and 6.13b have been created in collaboration with Ivan Majic, the
co-author of [118]. As such, the original paper was cited as the source.
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features were analysed to determine the number of lanes for each selected road (Table 6.8).

When the value for the lanes attribute is missing (i.e., value is NULL), the number of lanes

is implied by the value of the oneway attribute. If both attributes are missing values, in

this study it implies that the OSM contributor has mapped a regular two way road with

one lane in each direction. This will then imply that the total width of the road is 7 m,

since the standard width of the road lane in this study is set to be 3.5 m (i.e., this decision

is based on the AustRoads report [10]). If the value for lanes is missing, but the value for

oneway is yes, then it is implied that the road is a one-way road with only one lane and

the total width of 3.5 m. In all other cases, the total width of the road is calculated by

multiplying the width of a lane with the number of lanes, and the value of oneway is not

considered.

Table 6.8: Values of the lanes and oneway attributes of OSM road features, and the
implied numbers of lanes and road widths [118].

key: lanes key: oneway implied lanes implied road width

NULL NULL 2 7 m
NULL yes 1 3.5 m

1 - 1 3.5 m
2 - 2 7 m
3 - 3 10.5 m
4 - 4 14 m

Finally, to obtain the road polygons, the road centerlines are buffered out by the distance

necessary to create a polygon whose width is equal to the total width of the road. Three

such polygons were obtained, one for the highway environment trajectory (Figure 6.12),

one for the open-sky environment trajectory (Figure 6.13a), and one for the urban canyon

environment trajectory (Figure 6.13b). These polygons were then used in SFC+BRAIM

as the areas inside which the vehicle is always presumed to be.

6.4.2 Results and discussion

The results are presented individually for each of the three environments and compared

to results obtained using only BRAIM. This will be done for only multi-sensor data and

under the assumption of Gaussianity for WASP data.

The user’s initial state is randomly drawn from the standard normal distribution for Np

particles. Pseudoranges in these experiments are assumed to be normally distributed with

the variance estimated based on the satellite elevation as shown in [126]. In cases when
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Figure 6.12: Trajectory and the road polygon for the highway environment [118].

(a) (b)

Figure 6.13: Trajectory and the road polygon for the: a) open-sky environment,
b) urban canyon. [118]

the elevation information is unavailable (i.e., only in the urban canyon), the variance of

(5.1 m)2 is used. Process noise variances for all particles are randomly drawn from the

standard normal distribution at every new timestamp. Every PF was run ten times for

300,000 particles. The experiment parameters used to produce the results are specified

in Table 6.1. The results are presented in the local 2D coordinate system. Consequently,

HPEs are estimated, and the integrity probability is estimated for road-level HAL (i.e.,

HAL of 5 m).

Figure 6.14 shows the results of BRAIM and SFC+BRAIM for highway data. Each point

on the graph represents one point of the vehicle’s trajectory at a certain time, with its

coordinates shown in a local coordinate system (coordinates are ground truth coordinates).
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The value of the position integrity (pMI), i.e., the probability of misleading information,

is shown. The colours indicate different levels of estimated integrity which are shown in

the legends.

(a) (b)

Figure 6.14: Average integrity estimates for each point of the trajectory in the
highway environment for: a) BRAIM, b) SFC+BRAIM.

It should be noted that the estimated integrity at each point was calculated as an average

of all integrity estimates at that point (i.e., over ten PF iterations that were run). To

improve the clarity of the graphs, and due to having multiple sets of estimated positions,

graphs were made using ground truth coordinates.

Comparison of Figure 6.14a (BRAIM) and 6.14b (SFC+BRAIM) indicates an overall im-

provement in the integrity estimate (i.e., the integrity estimate is considered to be improved

if the pMI is reduced). This is confirmed in Table 6.9, where median integrity, calculated

over all points and for all PF runs, has improved with the SFC+BRAIM algorithm. Me-

dian achieved integrity is 2.56 ·10−4. The best estimate of integrity, or in other words, the

smallest probability of misleading information has improved by two orders of magnitude

when SFC+BRAIM was used, compared to the BRAIM solution.

Table 6.9: Positioning and integrity results for the highway environment

HPE[m] pMI

Alg. Average St. dev. Max Median St. dev. Best est.

BRAIM 0.98 0.72 10.66 8.68 · 10-4 0.046 4.23 · 10-5

SFC+B 1.30 1.06 10.58 2.56 · 10-4 0.034 7.22 · 10-7

Figure 6.15 shows the part of the highway trajectory where the vehicle goes through the

roundabout, drives south, and upon return from the southeast direction turns right onto
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the highway entrance ramp. Please note that these data were collected in Australia, where

the traffic is on the left-hand side. The figure shows one of the issues that can occur when

real map data are used.As the vehicle is turning onto the ramp, it seems as though the

ground truth data has gone off-road. This occurs due to incorrect map data, where the

value of the lanes attribute for the road is missing (see Table 6.8). This particular road is

attributed as one-way. Since there is no value for the lanes attribute, the algorithm has

assumed that there exists only one lane in total. However, since this road is approaching

an intersection, in reality, it consists of three lanes - one turning left, one going straight,

and one turning right which was taken by the vehicle in this experiment. This is just

one example of the issues that can occur when real map data are used for MM or SFC

approaches, which surely affects the performance.

Figure 6.15: An example of the error in map data due to incompleteness of attribute
data. Only one lane is assumed on a road where three lanes exist.

The performance of BRAIM and SFC+BRAIM for open-sky environment is shown in

Figure 6.16. Similarly to the highway the data, an overall improvement in integrity can

be noticed when comparing the average estimated integrity for all points in Figure 6.16a

and 6.16b.

Table 6.10 shows that over all integrity estimates, the median pMI improved slightly

and insignificant improvement is visible for the best estimated integrity. It could be

concluded that in the case of the open-sky environment, SFC+BRAIM performed similarly

to BRAIM.

In the final experiment, performance of data collected in Melbourne’s CBD (i.e., urban

canyon) was tested. As expected, due to the lower quality and availability of measure-

ments (Section 3.3), this data has performed the worst in terms of positioning, and in

terms of integrity. Figure 6.17 shows the achieved levels of integrity for each point of
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(a) (b)

Figure 6.16: Average integrity estimates for each point of the trajectory of open-sky
data for: a) BRAIM, b) SFC+BRAIM.

Table 6.10: Positioning and integrity results for open-sky environment

HPE[m] pMI

Alg. Average St. dev. Max Median St. dev. Best est.

BRAIM 2.36 0.40 5.05 5.84 · 10-4 0.004 1.63 · 10-5

SFC+BRAIM 2.35 0.48 6.47 4.97 · 10-4 0.008 1.50 · 10-5

(a) (b)

Figure 6.17: Average integrity estimates for each point of the trajectory of urban
canyon data for: a) BRAIM, b) SFC+BRAIM.

trajectory in CBD. Please note that the colours here denote different levels of integrity

than before, as there was a need to present lower levels of integrity with more intervals.

Table 6.11 shows that the median integrity has improved slightly, and the best estimated

integrity improved by one order of magnitude when SFC+BRAIM was used. However, the

average HPE remained around 22 m. Figure 6.18a shows one of the trajectories where,

although the estimated positions are not always on the road, the positions generally are
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Table 6.11: Positioning and integrity results for urban canyon environment

HPE[m] pMI

Alg. Average St. dev. Max Median St. dev. Best est.

BRAIM 22.21 16.53 68.15 5.48 · 10-1 0.315 3.00 · 10-3

SFC+BRAIM 22.68 17.21 68.41 3.73 · 10-1 0.284 6.68 · 10-4

(a) (b)

(c)

Figure 6.18: Examples of the estimated trajectory in urban environment estimated
using: a) PF, b) SFC+PF when SFC has taken the vehicle into the wrong direction, and
c) SFC+PF when SFC has correctly identified that vehicle is driving in W-E direction.

closer to the left side. This makes sense since, in this case, the vehicle is driving from West

to East. However, once SFC is used, due to uncertainty of measurements and the error

in the road polygon (two road directions do not meet for a long time at the beginning

of the trajectory), the vehicle is sometimes positioned on the wrong side of the road (see

Figure 6.18b), and sometimes it is positioned well (see Figure 6.18c). This has affected

the HPE, and had the road been mapped better and assigned with correct attributes, the

performance would have probably been better. This indicates another issue. As previously
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stated, BRAIM summarises weights of all particles within the HAL from the estimated

position. SFC increases the weights of the particles that are within the road polygon.

If the road is not mapped out well, and the vehicle is positioned within that road, SFC

increases the weight of the particles within road boundaries and inadvertently increases

the weight of some particles that are not bounded by HAL. Consequently, integrity could

be improved when the vehicle is driving in the wrong direction.

6.5 Conclusions

This chapter demonstrated the positioning and integrity performance of the proposed

integrity algorithms. Firstly, RAIM and BRAIM algorithms were compared. The im-

provement of the integrity estimate was observed as the positioning solution became more

advanced. The best performance was observed for CP BRAIM for which probabilities of

misleading information of 1.75 ·10−11 (Gaussian assumption) and 3.24 ·10−8 (GMM) were

achieved, for the required HAL of 5 m and IR of 1 · 10−7.

After the comparison of the RAIM and BRAIM, the performance of the proposed novel

FDE+BRAIM, SFC+BRAIM and FDE+SFC+BRAIM algorithms had to be tested. To

do this, large errors were injected into the data. When all the measurement error distri-

butions are assumed to be Gaussian, the best median pMI for the CP solution has been

observed using the FDE+SFC+BRAIM algorithm, and it was zero. Integrity availabil-

ity of 100% was achieved in that case. When the Gaussian assumption is not made for

WASP ranges, the best median pMI was observed for CP SFC+BRAIM ant that was

5.84 · 10−9. This is an improvement of one order of magnitude compared to the previ-

ously best achieved pMI of 3.24 · 10−8 for CP solution (even with large injected errors).

Compared to the previously best achieved integrity availability of 63.30% for CP BRAIM

(no injected errors), CP SFC+BRAIM (with injected errors) achieved 72.07% availability

rate.

This analysis pointed to multiple challenges. For example, the FDE method as defined in

Section 5.4, seems to not be appropriate for use when a GMM is used for WASP range

error distribution. The theoretical background indicates that integrity estimates under the

Gaussian assumption for WASP error distribution may be too optimistic. These challenges

will be further discussed in the following chapter.
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Lastly, this section aimed to demonstrate the utility of the proposed SFC approach. This

was done for a different data set than previously used. The results have shown that in

good conditions (i.e., good measurements availability and quality), using SFC+BRAIM

approach with only GPS data, pMI can be reduced to 2.56 · 10−4. According to Table 2.5,

pMI of 1 · 10−4 would satisfy the requirements of PCA where the required HAL is looser.

These results provide a realistic insight into the issues of using real maps (e.g., missing at-

tribute data, mapping errors) and how these issues can affect the positioning and integrity

estimation.



7
Conclusions

This thesis has outlined and demonstrated a systematic process of the distributed coop-

erative integrity algorithm design for Intelligent Transport Systems (ITS).

The overall research question of this thesis was: “How can the positioning and integrity

solution for ITS applications in the urban environment be improved?” That question is

answered throughout the thesis by tackling different challenges of integrity monitoring in

the urban environment.

First, in Chapter 2, a detailed review of integrity monitoring in the urban environment is

given from the perspective of the selected positioning system. The majority of state-of-

the-art solutions are based on multi-sensor positioning approaches. There is a consensus

amongst researchers that GNSS only solutions are not sufficient for integrity monitoring in

the urban environment. Recently, cooperative integrity techniques have gained traction.

However, there is still no cooperative integrity method in the literature that provided

integrity estimate for all the measurements involved in the cooperative system. This

thesis has filled that gap.

150
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For the purposes of this thesis and in accordance with the literature review, the overall

research question was broken down into four research questions that have been addressed.

The first research question:“What positioning system and algorithm will be the

basis of the proposed integrity algorithm?” has been addressed in Chapters 3 and

4. The majority of the available methods are based on the integration of GNSS with IMU,

Dead Reckoning sensors or integration with SBAS. However, with the ongoing development

of good and low-cost sensors, there are many opportunities for integration with different

and non-traditional sensors. Signals of opportunity, such as Wi-Fi, have been receiving

much attention in recent years. With the development of technological concepts such as

smart cities and the internet of things [127], it is reasonable to assume that signals of

opportunity will be widely available in the near future. This thesis has focused on multi-

sensor integration of GNSS (more specifically, GPS) and a Local Positioning System that

is based on terrestrial ranging to infrastructure. This is expanded to a cooperative solution

by adding terrestrial ranging between multiple vehicles in the network. Section 3.2 tests

the theoretically best achievable performance of such positioning systems by analysing

the Posterior Cramér Rao Bounds (PCRB). With both the average position error and the

standard deviation, as well as the PCRBs being under 0.2 m, it was confirmed that the

proposed systems (i.e., multi-sensor and cooperative), with the Extended Kalman Filter

(EKF) as the position estimator, are capable of achieving a sufficient level of accuracy

(under 0.5 m) for road-level and lane-level applications as specified in [10].

Having defined the positioning system to be used in this thesis, the second part of the

first question refers to the positioning algorithm (i.e., estimator). The EKF is the most

commonly used method of fusing data. If EKF is used as the position estimator, a Gaus-

sian assumption has to be made for measurement error distributions, and if non-linear,

the measurement model needs to be linearised. Chapter 4 questions these assumptions

and approximations and shows the superior performance of the Particle Filter (PF) (i.e.,

a non-linear non-Gaussian position estimator used in this thesis). To test the Gaussian

assumption, the actual error distribution of the real-world terrestrial ranges measured by

Wireless Ad hoc System for Positioning (WASP) units (more in Section 3.4) was fitted

with the three-component Gaussian Mixture Model (GMM). GPS pseudorange error dis-

tribution was assumed to be Gaussian. Use of the PF showed an improvement of position

estimation of 75%. The average position error for multi-sensor PF improved to ∼ 0.2 m,

which is comparable to the results of PCRB analysis.
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Based on the first question, the multi-sensor and cooperative PF was chosen as the under-

lying positioning systems and the estimator of the integrity algorithms proposed in this

thesis. This analysis and the proposed algorithms were the first major contribution of this

thesis.

The second research question:“What level of integrity is achievable with an existing

integrity method for stand-alone GNSS and multi-sensor solution?” has been

addressed in Section 3.3. The scale of the integrity problem in the urban environment

was investigated from the experimental point of view. The performance of the classical

integrity method - Receiver Autonomous Integrity Monitoring (RAIM) was tested for

stand-alone GPS data collected on a highway, in the open-sky area, in the suburban area

and the urban canyon. Multiple problems have been identified in relation to classical

RAIM methods. Firstly, by default, a position integrity estimate was unavailable in the

urban canyon almost 50% of the time due to unavailability of redundant measurements.

When there are more than four satellites available, integrity could be estimated, but it

was classified as unavailable most of the time. Simulated ranges to LPS were integrated

with real-world GPS in order to improve the integrity estimate availability (i.e., Can

the integrity be estimated in the first place?) and the availability of integrity (i.e., If

integrity can be estimated, is it successfully bounded by the integrity requirements?).

This showed that the multi-sensor solution successfully mitigates the effect of the urban

environment on the GPS measurement availability by ensuring sufficient measurement

redundancy required by RAIM. Secondly, because of a rapidly changing environment and,

consequently, satellite/user geometry, an integrity method where its bounding of integrity

does not depend on the quality of the satellite/user or LPS/user geometry is necessary

for the urban environment. Lastly, given the challenges of estimating integrity in the

urban environments with methods that depend on the number of measurements, it is

necessary to find a method whereby the integrity estimate does not depend on the number

of measurements.

These three problems have been used as the guide in designing the novel integrity algo-

rithms. This analysis and use of a multi-sensor solution to mitigate the environmental

impact on the integrity estimator was the second major contribution of this thesis.

The third research question:“Given the identified problems of the existing integrity

algorithm in the urban environment, what algorithm can be proposed?” has

been addressed in Chapter 5, and an initial proof-of-concept was provided in Chapter 6.
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Given the choice of the position estimator, an integrity method based on the PF had to

be used. Bayesian RAIM (BRAIM) proposed in [18] was chosen. However, BRAIM was

originally tested on simulated GPS data. In this thesis, that has been expanded to multi-

sensor and cooperative positioning solutions and tested on real-world data. Unlike classical

RAIM, the BRAIM integrity estimate does not require sufficient measurement redundancy

since the integrity is estimated in the position domain based on the a posteriori distribution

of the estimated position. For the same reason, it does not depend on satellite/user or

LPS/user geometry. It also does not require any measurements as the position estimate is

always available. However, those integrity estimates would then be based on the a priori

distribution which would affect the trustworthiness of such estimates.

One of the most important characteristics of BRAIM and similar methods based on a PF

is their robustness arising from the use of multiple hypotheses. If every particle is seen as

one hypothesis with the assigned weight based on the measurement likelihood, integrity

can be estimated by summing the weights of multiple hypotheses since the integrity risk

is distributed across many particles. With this, a robust estimate of integrity is provided.

Compared to the BRAIM method, the RAIM, in effect, tests a single hypothesis with

respect to the presence of faulty measurements.

In addition to the decreased satellite visibility and geometry quality, an important factor

making the urban environment challenging for GNSS, are large biases caused by errors such

as multipath. A combination of BRAIM and the Fault Detection and Exclusion (FDE)

algorithm was proposed to deal with large biases. This FDE+BRAIM is the first novel

algorithm proposed in this thesis. The main role of FDE was to minimise the instances of

misleading information that can happen due to the large errors. The results indicate that

this method was successful in doing that and in improving the overall integrity estimate.

The second proposed algorithm in this section was SFC+BRAIM, where BRAIM was

paired with Spatial Feature Constraint algorithm. This was implemented to further remove

the effect of faulty measurements and to decrease the integrity risk (explained in detail in

Section 5.4.2). The SFC method eliminates the particles (i.e., hypotheses) that are not

within the spatial feature and by doing that, eliminates the integrity risk associated with

those particles. The results also show that this method successfully improved the integrity

estimate for both the Gaussian assumptions and the GMM for WASP measurements. The

third proposed algorithm was the combination of the previous two — FDE+SFC+BRAIM

aiming to further improve the integrity.
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Three novel integrity algorithms have been proposed, and initial algorithm validation was

carried out. With that, the third major contribution of this research was made. The

fourth major contribution is the implementation of the first fully connected, distributed

cooperative integrity method. Unlike other methods, the integrity performance was quan-

tified, and the integrity estimate is based on all the measurements from the cooperative

positioning system.

Lastly, the fourth research question:“What is the best achievable integrity for multi-

sensor and cooperative system based on Particle Filter?” was addressed in Chap-

ter 6. Although cooperative FDE+SFC+BRAIM (Gaussianity assumed for WASP data)

achieved the best performance in terms of the numerically smallest estimated probabil-

ity of misleading information, that cannot be considered the best achieved performance.

This is an important conclusion as it directly refers to the trustworthiness of the integrity

estimate. Since GMM (fitted for WASP data) is a better fit than the Gaussian distribu-

tion, it should represent random errors more appropriately, which is exactly what every

integrity algorithm should aim for. According to [70], in a case of large rare-event er-

ror, if Gaussianity is assumed, the algorithm may be overconfident and suggest integrity

availability when it is not. Hence, it could be said that the results related to the Gaus-

sian assumption are too optimistic and may lead to hazardously misleading information.

The best performance was achieved for cooperative SFC+BRAIM when GMM is used as

the distribution of the WASP measurement errors. That method achieved the median

probability of misleading information of 5.84 · 10−9/epoch for the horizontal alarm limit

of 5 m and integrity risk of 1 · 10−7/epoch. That is one order of magnitude of median

integrity improvement, compared to the cooperative BRAIM where the median probabil-

ity of misleading information of 5.996 · 10−8/epoch was achieved. A similar improvement

was observed when compared with the best performance of the multi-sensor solution (i.e.,

multi-sensor FDE+SFC+BRAIM).

7.1 Future work

Integrity algorithms and integrity monitoring algorithms are complex, and they have to

account for many factors relating to the urban environment. A complete solution to

the integrity problem of the ITS has not been proposed yet. This thesis has addressed

multiple issues of integrity in the urban environment. However, some challenges remain

to be solved in future research that would make integrity monitoring practical and useful
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for ITS. The main areas of improvement are the development of more robust positioning

systems based on various sensors, improving distributed cooperative integrity methods and

designing algorithms capable of overcoming limits of integrity performance relative to the

theoretical bounds. Additionally, the vertical integrity component needs to be developed

for the integrity methods proposed in this thesis. The availability of 3D integrity will be

a key requirement when traffic in cities becomes three dimensional1 and 3D city maps

become more prominent.

Firstly, given their availability on the vehicle, IMU and dead reckoning data will be utilised

to improve the positioning and integrity performance. Multi-GNSS data should be utilised

as well. Literature has shown that use of multi-GNSS improves integrity estimates. As

indicated in Section 6.4, a method like Simultaneous Localisation And Mapping (SLAM)

could be utilised to avoid the issue of erroneous or incomplete maps.

As mentioned throughout this thesis, the goal was to achieve road-level integrity. Because

of this focus, only code pseudorange GPS measurements were used. The literature (see

Chapter 2) indicates that it is necessary to use (N)RTK or PPP GNSS methods in order to

achieve higher levels of integrity — lane-level and where-in-the-lane. Consequently, future

improvements to the proposed algorithms will also include the use of more precise GNSS

measurements such as NRTK or PPP.

FDE has been discussed in this thesis. When Gaussianity was assumed, a simple FDE

method was successful in improving integrity estimate. However, when it came to the

GMM used for WASP data, the FDE method was not appropriate as it required the

Gaussian assumption. Solving this issue is out of the scope of this thesis as it would require

substantial additional research. As demonstrated in the literature review, development of

the FDE methods for the purpose of integrity monitoring is a field of research in itself.

When it comes to algorithmic improvements, the biggest improvement to the methods

proposed in this thesis would be to develop an FDE method tailored for non-linear non-

Gaussian measurements.

The proposed algorithms have the potential to be run in real-time. However, they would

have to be optimised for speed and/or use higher performance processing hardware.

The algorithms proposed in this thesis have been validated on real data. However, to fully

understand an integrity algorithm, it would need to be validated on millions of data and

1https://www.abc.net.au/news/2020-02-28/uber-air-plans-for-1000-strong-melbourne-helicopter-fleet
/12007092

https://www.abc.net.au/news/2020-02-28/uber-air-plans-for-1000-strong-melbourne-helicopter-fleet/12007092
https://www.abc.net.au/news/2020-02-28/uber-air-plans-for-1000-strong-melbourne-helicopter-fleet/12007092
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for real-life scenarios in traffic. This would potentially bring out additional issues and aid

the robustness of the proposed methods. The collection of additional data would also aid

further error modelling and enable improved evaluation of the performance.
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