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ABSTRACT

Navigating dense urban environments poses difficult challenges for autonomous

vehicles due to constrained spaces and stringent safety requirements. These challenges

are further compounded by degraded Global Navigation Satellite Systems (GNSS)

performance, which is affected by signal blockages and multipath reflections common

in urban settings. These limitations have motivated the incorporation and exploita-

tion of additional position-sensing modalities, including light detection and range

(LiDAR), to augment GNSS. However, the integration of multiple sensors introduces

new complexities, particularly in evaluating the integrity of navigation outputs. Ac-

cordingly, rigorous methods are needed to evaluate integrity risk in urban multi-sensor

navigation systems.

The first part of this dissertation investigates how multi-sensor navigation sys-

tems can safely guide vehicles through real-world urban environments under fault-free

conditions. GNSS and Inertial Navigation Systems (INS) serve as the foundational

sensors, while additional components—including holonomic and nonholonomic con-

straints, wheel speed sensors, zero-velocity updates (ZUPTs), and LiDAR observa-

tions of mapped landmarks—are incorporated as augmentations to enhance perfor-

mance. We begin by examining the safety requirements for driverless vehicles under

fault-free assumptions and by developing measurement models for multi-sensor inte-

grated navigation using an Extended Kalman Filter (EKF). Key factors influencing

urban navigation performance are then analyzed, including individual INS noise pa-

rameters, vehicle speed, and the impact of velocity updates.

The second part of the dissertation focuses on quantifying and mitigating

integrity risks in map-based landmark LiDAR localization. Association faults, ex-

traction faults, and estimation errors are identified as key contributors to integrity

degradation. A methodology is developed to allocate integrity risk requirements,

xv



encompassing both fault-free performance and fault probabilities specific to LiDAR.

Feature extraction begins at the segment level and is refined to the point level.

Points near known landmarks are selected using prior map data and vehicle state esti-

mates from the EKF. These points undergo height and intensity filtering, followed by

Neyman–Pearson binary hypothesis testing to confirm whether the returns correspond

to valid landmarks. The system then estimates the centroids of pole-like landmarks,

while fine filtering identifies outliers by analyzing deviations from the expected circu-

lar shape using chi-square tests. Experimental results demonstrate that the proposed

methodology enables reliable feature point selection—even under adverse weather

conditions—and achieves centimeter-level accuracy in landmark centroid estimation.

xvi
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CHAPTER 1

INTRODUCTION

1.1 Driverless Vehicles Navigation Through Urban Environments

Self-driving cars present exciting possibilities for the future of urban trans-

portation but also raise significant safety concerns since human lives are involved.

According to a 2023 poll by the American Automobile Association, 68% of Amer-

icans expressed fear about self-driving cars, while a mere 9% placed their trust in

them [2]. Safe navigation is a fundamental requirement for driverless vehicles in any

circumstance.

These circumstances include dense urban environments where people, animals,

trees, and buildings coexist within confined spaces. Ensuring navigational safety in

such scenarios is more challenging than in less populated rural areas. This challenge

is substantiated by data showing that both the number of motor vehicle accidents and

fatalities in urban areas exceed those in rural areas [3]. Although the high congestion

in urban areas necessitates stricter safety requirements, these environments can also

undermine the accuracy of global navigation satellite systems (GNSS). Tall buildings

and narrow streets interfere with satellite signals, complicating navigation [4, 5]. Ac-

cordingly, existing GNSS integrity risk evaluation methods cannot be directly applied

where driverless cars operate.

1.2 GNSS Integrity Evaluation

The principle of integrity underlies aviation navigation safety requirements

[6, 7, 8], and this concept has been applied to ground autonomous vehicles recently

[9, 10]. If the integrity risk, which describes the reliability of information from a

navigation system, is high, the vehicle using the system might be in danger. Fault-free

integrity evaluates whether the navigation system’s position error exceeds allowable
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bounds in the absence of faults. Faults are errors in sensor measurements that, if not

detected promptly, can eventually lead to position estimate errors. Both fault-free

and fault integrity can be quantified probabilistically, and safety evaluations function

by comparing these risks to integrity requirements [7]. Fault-free integrity risk is the

first critical step in determining whether a navigation system can meet the demands

of an intended operation. If not, there would obviously be no point in taking the next

step of evaluating the presence of sensor faults.

Driverless vehicles will need to operate with integrity levels on local and resi-

dential streets subject to corresponding positioning accuracy at the centimeter level

[11]. This is achievable with GNSS Real-Time Kinematic (RTK) positioning in open-

sky environments [12], but buildings surrounding urban streets limit satellite visibility

[4] and can cause significant multipath effects [13].

The exclusion of reflected GNSS signals is essential to ensure positioning in-

tegrity for driverless vehicles on urban roads [10]. To do this, 3D environment maps

are needed to provide the means to trace GNSS signals. The concept of ‘shadow

matching’ identifies the signal blockages in urban canyons [14]. This can be accom-

plished by overlaying sky plots of satellite locations on a hemispherical sky view of the

shadows to distinguish between line of sight (LOS) and blocked signals [15, 4]. Reflec-

tion points can be predicted using Householder transformations to identify satellite

signals affected by multipath reflections [16, 17], so that the associated measurements

from these satellites can be excluded to avoid loss of integrity in the position estima-

tion process [18]. However, an excessive number of such exclusions comes at the cost

of RTK positioning accuracy and losses of GNSS carrier phase cycle ambiguities [19].
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1.3 Multi-Sensor Integrated Navigation Systems

Integration with an inertial navigation system (INS) can help provide contin-

uous navigation through GNSS signal outages. An Extended Kalman filter (EKF)

enables tight coupling of INS and GNSS to achieve much better position estimation

performance in urban environments than GNSS alone [20, 21]. In principle, the com-

plementary interaction between the sensors—INS bridging GNSS signal outages and

GNSS calibrating the drifting INS error—would help ensure that centimeter-level ac-

curacy is maintained. However, the fact that INS errors drift over time means that the

integrated system cannot maintain high accuracy without frequent error corrections

from GNSS. The use of high-quality navigation grade inertial sensors could slow down

the error propagation, but their cost is incompatible with the driverless vehicle appli-

cation [22]. An inertial measurement unit (IMU) based on micro-electro-mechanical

systems (MEMS) makes INS affordable for the application at hand. Further, as we

will show later in the paper, the slower drifts in navigation grade inertial instruments

(relative to MEMS) are helpful only over time intervals much longer than those needed

to meet the requirements of driverless vehicle navigation.

Other information sources more or less freely available on automobiles include

wheel speed sensors, vehicle kinematic constraints, and zero velocity updates (ZUPT).

Wheel speed sensors connected to the vehicle’s rear wheels measure the angular rates

and help estimate the velocity in the heading direction [23, 24]. Vehicle kinematic

constraints make use of the assumption that an automobile does not slip laterally and

maintains contact with the ground [25]. When a vehicle is known to be stationary, for

example, at stop signs and traffic signals, ZUPT inputs can be used to temporarily

halt INS drift and correct velocity error [26]. Velocity information helps to control

position error growth during GNSS signal outages.
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Feature-matching is another approach (i.e., besides GNSS) to positioning in

urban environments. For example, Lidar can measure distances and angles to envi-

ronmental features (i.e., local landmarks), which can then be associated with known

feature locations stored in an onboard database [21]. By integrating Lidar into a

combined GNSS/ INS/ Lidar localization system, it should be possible to maintain

centimeter-level accuracy in urban streets [27]. However, the reliability of Lidar local-

ization can be an issue when features are extracted incorrectly during harsh weather

[28] or on congested streets [29].

1.4 Dissertation Contributions

This dissertation investigates how GNSS and INS, when properly augmented

by LiDAR-based ranging to local landmarks, can support safe and reliable naviga-

tion in real-world urban environments. In addressing this complex challenge, the

dissertation makes five key contributions:

1. A methodology for evaluating fault-free integrity of driverless vehicle navigation

in urban environments.

2. A systematic analysis of the limitations of INS and dead-reckoning sensors for

urban navigation.

3. Experimental validation of multi-sensor navigation performance in a 3D mapped

urban environment (Chicago).

4. An investigation into optimal landmark spacing to reduce navigation risk in

LiDAR-aided systems.

5. A methodology for minimizing errors and faults in LiDAR feature extraction

for urban navigation.
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The first part of the contributions investigates how GNSS and INS, when ap-

propriately augmented by Lidar ranging from local landmarks, can ensure safe navi-

gation through a real-world urban environment under fault-free assumptions. Addi-

tionally, we determine which system elements and parameters are the most critical

to urban navigation performance, including individual INS noise parameter spec-

ifications, average vehicle speed, kinematic constraints, landmark density, integrity

requirements, and the effects of velocity updates. This investigation reveals the limita-

tions of conventional positioning systems and clarifies the conditions that necessitate

sensor augmentation.

In the latter part, the focus shifts to sensor faults, particularly developing

methodologies to minimize risks in landmark-based LiDAR localization with map

data. The analysis begins by identifying the causes of LiDAR navigation risks, in-

cluding position errors, association faults, and extraction faults. We then introduce

fault integrity requirements for self-driving vehicles in urban environments, estab-

lishing an acceptable level of risk minimization. Position error evaluation, through

covariance analysis of sensor-integrated navigation systems, and the upper bounds of

association risk define the necessary distance between landmarks. Additionally, we

propose a methodology to minimize extraction risk by applying the Neyman-Pearson

Lemma and weighted least squares with a chi-square test.

1.5 Dissertation Outline

The dissertation is structured as follows: Chapter 2 discusses navigation re-

quirements for driverless vehicles. Chapter 3 evaluates GNSS availability in a case

study conducted in downtown Chicago. Chapter 4 develops sensor models and a

multi-sensor integration scheme using an Extended Kalman Filter. Chapter 5 high-

lights key system elements for urban navigation. Chapter 6 analyzes the capability

of these systems to meet urban integrity requirements. Chapter 7 defines LiDAR



6

navigation integrity risks and examines landmark intervals to minimize these risks.

Chapter 8 develops a methodology for reducing faults in LiDAR feature extraction.

Chapter 9 concludes the study.
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CHAPTER 2

FAULT-FREE INTEGRITY REQUIREMENTS FOR DRIVERLESS VEHICLES
IN URBAN ENVIRONMENTS

2.1 Fault-free Integrity Requirements

To ensure integrity, a vehicle must be capable of computing a ‘protection

level’ that upper bounds its horizontal positioning error with respect to a specified

probability of exceedance. Fault-free integrity can be evaluated based on whether

the protection level exceeds a required alert limit, which defines a position domain

containment volume [7]. However, official quantitative requirements for self-driving

vehicles have not yet been established.

In this work, we are primarily interested in developing a methodology to evalu-

ate fault-free integrity performance, so having precise knowledge of the requirements

is not strictly necessary. However, given our additional goal of providing potentially

useful quantitative results, we consider example requirements—namely, maximum al-

lowable position error standard deviations of 0.05 and 0.1 meters—which bracket the

range for safety-critical automated driving defined in [30]. Although these may ap-

Nagai, K., Spenko, M., Henderson, R., Pervan, B., “Fault-Free Integrity of
Urban Driverless Vehicle Navigation with Multi-Sensor Integration: A Case Study in
Downtown Chicago,” NAVIGATION: Journal of the Institute of Navigation, 71(1),
navi.631, March 2024, provided figures and analysis for Chapters 2 through 6 of this
dissertation. NAVIGATION is an open access journal.

Nagai, K., Spenko, M., Henderson, R., Pervan, B., “Fault-Free Integrity and
Continuity for Driverless Urban Vehicle Navigation: A Case Study in Downtown
Chicago,” Proceedings of the 35th International Technical Meeting of the Satellite Di-
vision of The Institute of Navigation (ION GNSS+ 2022), Denver, Colorado, Septem-
ber 2022, provided figures and analysis for Chapters 2 through 6 of this dissertation.
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pear to be merely accuracy requirements, they can also serve as fault-free integrity

requirements if we assert that they represent standard deviations of Gaussian over-

bounds of the error distributions and that all satellite measurements predicted to be

corrupted by reflections from buildings are actively rejected.

At the upper end (0.1 m), if we assume roughly that the probability of exceed-

ing a 0.5-meter alert limit in both lateral and longitudinal directions should be lower

than 10�7 at every moment, the 0.5-meter alert limit corresponds to approximately a

5� protection level under fault-free conditions (Table 2.1). The maximum allowable

position error standard deviation(�pos) is therefore approximately 0.1 meters.

At the lower end (0.05 m), we take into account results from the comprehensive

analysis in [11], where, in their strictest scenario, they derive requirements consistent

with a position error standard deviation (�pos) of approximately 0.05 meters. Table

2.1 summarizes the parameters associated with the integrity requirements.

Table 2.1. Summary of integrity requirements.

Integrity Requirement Upper End Lower End

Probability of exceedance 10�7 10�8

Protection level (PL) 5�pos 6�pos

Lateral alert limit 0.5 m 0.3 m

Longitudinal alert limit 0.5 m 0.3 m

Lateral max allowable �pos 0.1 m 0.05 m

Longitudinal max allowable �pos 0.1 m 0.05 m

In their end state, as acknowledged in [11], integrity requirements should define

a probability to be evaluated over a specific period (e.g., ‘per hour’) or distance (e.g.,

‘per mile’). Additionally, attitude integrity requirements that determine allowable

vehicle pose error may also be specified. However, from a performance evaluation

perspective, these factors would complicate the analysis considerably. Therefore, in

this initial analysis, we treat the example position-domain standard deviation require-
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ments as applying punctually at each instant in time, with the intent to address the

more complex problem in future research.

2.2 Continuity and Availability

Continuity represents the ability of the navigation system to ensure integrity

throughout an entire trip. A loss of continuity event occurs at the moment between

departure and arrival when the vehicle-predicted position error standard deviation

exceeds the allowable. The concept of continuity requirement is described as

�pos for the entire trip < maximum allowable position error standard deviation:

(2.1)

With the aid of 3D maps and satellite almanacs, continuity can be predicted prior to

the start of a trip. The navigation function is considered available for a specified trip

if there is no predicted loss of continuity during the trip.

Continuity is affected by both the local environment and the time of day,

due to variations in GNSS satellite geometry over time. To assess availability, we

simulate multiple trips by varying the vehicle’s departure time throughout a 24-hour

period and verify whether continuity is maintained for each instance. If continuity is

satisfied for all departure times within the 24-hour window, we define availability as

100%. Mathematically, this is expressed as:

Number of trips satisfying the continuity requirement

Total number of trips in 24 hours
� 100 = 100%: (2.2)

According to [30], the availability requirement for safe automated driving ex-

ceeds 99.9%. Ideally, we aim for availability to reach 100%, as driverless vehicles are

expected to operate at any time of day, similar to human-driven vehicles today. In

open-sky environments, this level of availability is achievable using GNSS real-time
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kinematic (RTK) positioning, particularly when base stations are installed on build-

ing rooftops or other unobstructed locations within approximately 10 km. Under

such conditions, even stringent position-domain requirements—such as a standard

deviation of 0.05 meters—can be met. However, in urban environments, achieving

100% availability is unlikely without support from additional sensors due to signal

blockages and multipath effects.

Our availability evaluation scenario assumes that the driverless vehicle begins

its trip in an open-sky environment, where it has already completed GNSS RTK cycle

ambiguity resolution and INS alignment. At this starting point, the initial horizontal

position error standard deviations are less than 0.02 meters, and the yaw attitude

error standard deviation is below 0.1 degrees [31]. The details of the initialization and

alignment procedures are provided in Chapter 4. We assess navigation performance

after this initialization phase by simulating vehicles departing from the starting point

every 15 minutes over a 24-hour period.
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CHAPTER 3

GNSS AVAILABILITY

3.1 GPS Satellite Visibility

The initial phase of this study employs shadow matching techniques [14] to

distinguish between Line-of-Sight (LOS) signals and those obstructed or reflected,

called Non-Line-of-Sight (NLOS) signals. Considering the significant distance from

GNSS satellites to the receiver, the incoming signals analogize to sunlight rays, with

obstructions such as buildings creating ‘shadows.’ We analyze these ‘shadows’ along

State Street in Chicago using a 3D map generated with Computer-Aided Design

(CAD) software.

The street extends from south to north, with the southern end consisting of

residential buildings up to two stories high, contrasting with the taller structures

Nagai, K., Spenko, M., Henderson, R., Pervan, B., “Fault-Free Integrity of
Urban Driverless Vehicle Navigation with Multi-Sensor Integration: A Case Study in
Downtown Chicago,” NAVIGATION: Journal of the Institute of Navigation, 71(1),
navi.631, March 2024, provided figures and analysis for Chapters 2 through 6 of this
dissertation. NAVIGATION is an open access journal.

Nagai, K., Spenko, M., Henderson, R., Pervan, B., “Fault-Free Integrity and
Continuity for Driverless Urban Vehicle Navigation: A Case Study in Downtown
Chicago,” Proceedings of the 35th International Technical Meeting of the Satellite Di-
vision of The Institute of Navigation (ION GNSS+ 2022), Denver, Colorado, Septem-
ber 2022, provided figures and analysis for Chapters 2 through 6 of this dissertation.

Nagai, K., Fasoro, T., Spenko, M., Henderson, R., Pervan, B., “Evaluating
GNSS Navigation Availability in 3-D Mapped Urban Environments,” Proceedings of
IEEE/ ION Position, Location, and Navigation Symposium (PLANS), Portland, OR,
April 2020, provided figures for Chapter 3.
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found on the northern end (Figure 3.1(a)). A color gradient from red to blue in

Figure 3.1(b) indicates the number of visible satellites, varying from one to six, re-

spectively. This illustration indicates that building height influences the number of

visible satellites, leading to insufficient satellite coverage for GPS positioning.

Additionally, the time of day impacts satellite visibility. Figure 3.2, as ref-

erenced in [1], shows the need for a comprehensive 24-hour assessment. Each pixel

on the x -axis represents the distance from the starting point, while each pixel on

the y-axis corresponds to a 15-minute interval over 24 hours. The color map dis-

plays the range of GPS satellite visibility from zero to eight satellites. This figure

demonstrates that the number of visible satellites fluctuates throughout the day, even

when observed from a consistent location, due to their movements around the Earth.

Therefore, a 24-hour availability evaluation is necessary.
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Figure 3.1. (a) A depiction of building footprints and the number of stories along
State Street, Chicago. (b) The visibility of satellites using ephemeris GPS data at
midnight on January 2, 2019.
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3.2 HDOP Evaluation

The number of visible satellites provides a basic measure of GPS availability;

however, satellite geometry also plays a crucial role in determining horizontal position-

ing accuracy. Today, Global Navigation Satellite Systems (GNSS) enable navigation

systems to access signals from a constellation of approximately 100 satellites. The

most widely known GNSS is the United States’ Global Positioning System (GPS).

In addition to GPS, several other global systems are operational, including Russia’s

GLONASS (Global Navigation Satellite System), the European Union’s Galileo, and

China’s BeiDou.

Dilution of Precision (DOP) evaluates the quality of the geometric arrange-

ment of GNSS satellites. To satisfy integrity requirements, we constrain the Horizon-

tal DOP (HDOP) to be less than five:

HDOP =
�pos
��

< 5: (3.1)

According to the integrity requirement described in Chapter 2, the probability of ex-

ceeding the horizontal alert limit must be less than 10�7 at any given moment. Given

a 0.5-meter integrity alert limit, this corresponds to approximately 5�pos, implying

that �pos = 0:1 m.

We assume that differential carrier cycle ambiguities are resolved under open-

sky conditions before the vehicle enters urban areas, ensuring a nominal GNSS RTK

ranging error standard deviation of �� = 0:02 m. Consequently, dividing 0.1 m by

0.02 m yields a result of 5. While this requirement may seem easily achievable using

multiple GNSS constellations, once the vehicle enters an urban area LOS blockages

and reflected signals degrade the geometric strength of the satellite configuration.

After excluding blocked and reflected signals from the measurements [5], we

compute the HDOP using only line-of-sight (LOS) signals. The HDOP is derived
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from the following expression:

H = (GTG)�1 (3.2)

G is the LOS geometry matrix, defined by the following matrix.

G =

26666666666666666666666666664

�eTGPS1 1 0 0 0

�eTGPS2 1 0 0 0
...

...
...

...
...

�eTGLONASS1 0 1 0 0

�eTGLONASS2 0 1 0 0
...

...
...

...
...

�eTGalileo1 0 0 1 0

�eTGalileo2 0 0 1 0
...

...
...

...
...

�eTbeidou1 0 0 0 1

�eTbeidou1 0 0 0 1
...

...
...

...
...

37777777777777777777777777775

(3.3)

where e is the LOS unite vector. The diagonal components of the matrix H can be

represented as follows:

H =

2666664
NDOP2 � � �
� EDOP2 � �
� � VDOP2 �
� � � TDOP2

3777775 (3.4)

where NDOP, EDOP, VDOP, and TDOP are East, North, Vertical, and Time DOP,

respectively. As the vehicle’s movement is limited to ground-based motion, our pri-

mary interest lies in NDOP and EDOP. The combination of these yields the HDOP,

which is a dimensionless measure of the accuracy of GNSS positioning in the hori-

zontal plane.

HDOP =
p
NDOP2 + EDOP2: (3.5)

Figure 3.3 presents GPS and GNSS availability—defined as the fraction of time the

HDOP requirement is satisfied over a 24-hour period—along a section of State Street
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in downtown Chicago. When excluding blocked non-line-of-sight (NLOS) signals, the

availability for GPS ranged from 0% to 9% along the block and from 9% to 30% at

the intersections. In contrast, GNSS availability under the same conditions ranged

from 48% to 82% along the block and from 72% to 100% at the intersections. How-

ever, when signals producing building-reflected multipath were also excluded, GNSS

availability dropped significantly across all locations. We assert that Figure 3.3(c) ex-

presses the reality of GNSS availability because building-reflected multipath signals

degrade positioning accuracy and would affect integrity negatively. These results

demonstrate that GNSS alone is insufficient to meet the stringent requirements of

autonomous driving in dense urban environments. Therefore, multi-sensor integrated

navigation systems are essential to compensate for poor satellite signal availability.

3.3 GNSS Availability Across a City

We expand the simulation site and analyze availability using GNSS RTK with

the four constellations for a driverless vehicle traveling nine kilometers on State Street

in Chicago. The route along the street passes through various environments, from

low-rise near open-sky neighborhoods to dense urban canyons with skyscrapers taller

than 100 meters. We use high-definition 3D maps containing all streets and buildings

to exclude blocked and reflected signals (Figure 3.4(a)).

The 3D map allows us to project the field of view at 10-meter intervals along

the road, with a distance of 6 m from the sidewalk, onto a hemisphere representing

the building occupancy in the sky. When the projection is overlapped with a sky plot

of satellites, we can predict the signals from the satellites blocked by the buildings

(Figure 3.4(b)). These satellites are obviously not used for positioning.

Signals reaching a vehicle’s receiver via specular reflection must be excluded

as well. Since State Street consists of parallel lanes running from south to north, the
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Figure 3.3. Percentage of time a navigation solution maintains fault-free integrity
using GPS or GNSS, evaluated at State Street. The outermost columns depict the
shapes of the sky, while the inner columns provide the HDOP values.
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building planes facing east and west are considered the primary reflection sources. We

use the building occupancy sky plots and Householder transformations to determine

whether a hypothesized reflection ray vector strikes the physical wall. If the simulated

ray strikes the wall, the antenna receives the reflected signal from a phantom satellite

direction (Figure 3.4(c)) [5]. To protect integrity, range measurements associated with

reflected signals are not included in subsequent positioning calculations. In the actual

State Street environment, all surfaces have the potential to cause reflections, including

north and south-facing planes at times (at intersections, for example). However, our

analysis will show that even if we do not exclude these additional potential reflections,

there are still not enough visible satellites for safe vehicle navigation.

We evaluate GNSS satellite visibility along the street using HDOP following

the requirements in Equation (3.1). Figure 3.5, which depicts GNSS satellite visible

regions where HDOP is less than 5, shows that GNSS satellite visibility gradually de-

teriorates as building height increases. We divide the environments into three qualita-

tive categories: open-sky, intermittent GNSS visible, and a succession of GNSS-denied

areas. Figure 3.6 illustrates GNSS availability along the street, deemed available if

the position error standard deviation at the evaluation points is less than 0.1 over 24

hours. Navigation availability never reaches 100% after 2000 meters with GNSS RTK

because once the vehicle passes under an overpass, all estimated integer ambiguities

are reset. GNSS RTK re-initialization is never completed to provide satisfactory ac-

curacy, even if there is sufficient GNSS satellite visibility. The results clearly show

INS augmentation is required to recover integer ambiguities between GNSS signal

outages and to extend navigation continuity into the urban canyon.
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Figure 3.5. GNSS satellite visibility simulation along State Street in Chicago for
HDOP < 5. (HDOP = 5 corresponds to a 0.1m 1-� position error, assuming an
RTK ranging error of 0.02m 1-�.)

Figure 3.6. GNSS RTK availability simulation under fault-free integrity requirements
for a driverless vehicle traveling from south (left) to north (right) on State Street.
The maximum allowable position error standard deviation is assumed to be 0.1 m
in both the lateral and longitudinal directions.
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CHAPTER 4

NAVIGATION SENSOR INTEGRATION

4.1 Multi-sensor Integrated Navigation Systems

To improve availability, we now investigate integrating GNSS RTK with INS,

zero velocity updates (ZUPT), wheel speed sensors (WSS), non-holonomic (NHL),

and holonomic (HL) kinematic constraints. These are what we term ‘conventional’

augmentations. We will ater consider Lidar as an optional additional sensor. Figure

4.1 illustrates the multi-sensor integration architecture. The order in which sensors

are integrated is determined by their respective measurement update rates, with typ-

ical examples indicated in the figure. The tightly coupled extended Kalman filter

(EKF) integration utilizes the INS measurement for prediction and the other sen-

Nagai, K., Spenko, M., Henderson, R., Pervan, B., “Fault-Free Integrity of
Urban Driverless Vehicle Navigation with Multi-Sensor Integration: A Case Study in
Downtown Chicago,” NAVIGATION: Journal of the Institute of Navigation, 71(1),
navi.631, March 2024, provided figures and analysis for Chapters 2 through 6 of this
dissertation. NAVIGATION is an open access journal.

Nagai, K., Spenko, M., Henderson, R., Pervan, B., “Evaluating INS/ GNSS/
LiDAR Availability for Self-Driving Cars in Urban Environments,” Proceedings of
the 34th International Technical Meeting of the Satellite Division of The Institute
of Navigation (ION GNSS+ 2021), St. Louis, Missouri, September 2021, provided
equations for Chapter 4.

Nagai, K., Spenko, M., Henderson, R., Pervan, B., “Fault-Free Integrity and
Continuity for Driverless Urban Vehicle Navigation: A Case Study in Downtown
Chicago,” Proceedings of the 35th International Technical Meeting of the Satellite Di-
vision of The Institute of Navigation (ION GNSS+ 2022), Denver, Colorado, Septem-
ber 2022, provided figures and analysis for Chapters 2 through 6 of this dissertation.
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sor measurements as observations. These observations (z) from each sensor are in-

corporated through the measurement update step, and the resulting state estimate

uncertainties are captured in the updated covariance matrix P̄ . Subsequently, INS

measurements and the system process model are used to generate the time update,

producing the predicted covariance matrix P̄ . Integrity evaluation requires tracking

how errors evolve across different environments when using multi-sensor navigation.

Therefore, the error-state vector of the Kalman filter is used, rather than the full state

vector itself. The derivations of the following equations are provided in the references

cited below and in the Appendices.

Figure 4.1. The multi-sensor integration architecture.

4.2 Coordinate Systems

Multi-sensor integrated navigation systems handle the four coordinate frames

listed below and shown in Fig. 4.2.

1. ECI (I) - Earth-Centered Inertial Frame (i.e., inertial frame)
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The origin is at Earth’s center, with the z-axis aligned to Earth’s spin axis. The

x-axis points towards the vernal equinox.

2. ECEF (E) - Earth Centered Earth Fixed Frame (i.e., GPS frame)

The origin is at Earth’s center, with the z-axis aligned to Earth’s spin axis. The

x-axis extends from Earth’s center to the intersection of 0-degree latitude (the

equator) and 0-degree longitude (the prime meridian through Greenwich).

3. ENU (N) - East North Up Frame (i.e., navigation frame) he ENU frame is a local

tangent plane coordinate system. Itapproximates the Earth as flat over small

regions and is used to represent vehicle operations near the Earth’s surface. The

z-axis points upward (in the direction of increasing altitude), the x-axis points

east, and the y-axis points north, following the right-hand rule.

4. Body Frame (B)

The body frame is a coordinate system fixed to the vehicle, typically centered

at the GPS receiver or the center of mass. It moves with the vehicle and is used

to describe sensor measurements such as acceleration and angular velocity. The

x-axis (roll) points forward, the y-axis (pitch) points to the left, and the z-axis

(yaw), following the right-hand rule, points upward (Fig. 4.3).

Details on the rotation matrices used for coordinate transformations between frames

are provided in Appendix A.
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Figure 4.2. Frame Configuration

Figure 4.3. Body Frame Axis
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4.3 INS Dynamic Model

The INS linearized discrete dynamic model is described as

xk+1 = �k

266666664

�rN

�vN

�EN

ba

bg

377777775
| {z }

xk

+�uk

"
� ~fB

�~!B

#
| {z }

uk

+�wkwk (4.1)

where x is the state error vector consisting of position error in the navigation frame

�rN , velocity error �vN , attitude error �EN , and INS bias errors for the accelerom-

eters ba and gyros bg. � is the state transition matrix, �u is the input coefficient

matrix. � ~fB and �~!B are the input error vectors expressed in the body frame for the

accelerometer specific force measurements and the gyro rotation rates, respectively.

�w is the noise coefficient matrix, w � N (0;W ) is the white noise vector of the

process model, and W is the covariance matrix of w. Derivations and associated

details are provided in Appendix B.

4.4 Measurement Model

The zero-velocity update in the EKF minimizes the propagation of position

errors when the system knows the vehicle is not in motion. The determination can be

made by monitoring velocity from the wheel speed sensors. The ZUPT measurement

model [31] is

[�vB(= 0)]| {z }
z1k

=H1k

2664
�rN

�vN

�EN

3775
| {z }

x1k

+�1k (4.2)

where �vB is the velocity error in the body frame (set to zero), H1 is the observation

matrix, and �1 � N (0;V 1) is the vector of the velocity violation noise, modeled as

white over the duration of the stop. Derivations and associated details are provided



27

in Appendix D.

The Lidar measurement model [32] is

266666666664

d1 � d1�

...

dn � dn�

�1 � �1�

...

�n � �n�

377777777775
| {z }

z2k

=H2k

266666666666664

�rN

�EN

�p1
x

�p1
y
...

�pnx

�pny

377777777777775
| {z }

x2k

+�2k (4.3)

where di is the range measurement to the ith landmark (i.e., i = 1; 2; :::; n), �i is the

angle measurement, and the superscripts * refer to the reference values derived using

the surveyed positions of the landmarks. The scalars �pix and �piy are survey bias

errors in the x and y directions, and �2 � N (0;V 2) is the white noise vector on the

Lidar measurements. Derivations and associated details are provided in Appendix E.

The range and angle white noise statistics in Table 4.1 are manufacturer-

specified parameters (i.e., Ouster OS1-64), but they do not fully account for the

measurement error in Lidar positioning. Survey error also contributes. This error

exists if landmark-reflected contour points are converted to a landmark center position

that is different from the corresponding mapped location listed in the database. These

landmark database errors are sometimes accounted for by increasing the standard

deviations Lidar white noise. Instead, we correctly treat them as a survey bias vector

�p incorporated into the EKF states, in our case, with an assumed zero mean 0.02-m

1-� initial error.
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The EKF GNSS double difference measurement model [33] is

"
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�kl �Gklr�

#
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z3k

=H3k

2666664
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3777775
| {z }
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+�3k�3k (4.4)

where � is carrier wave-length, � is the carrier phase measurement, � is code phase

measurement, G is the observation matrix containing line of sight vectors excluding

the pseudorange measurements associated with blocked and reflected signals, m is

the multipath error, N is the vector of integer ambiguities, �3 is the noise coefficient

matrix, and �3 � N (0;V 3) is the white noise vector of the GNSS measurements.

Wheel speed sensors are standard equipment for all vehicles, and vehicle kine-

matic constraints are applicable without equipment. We developed the model de-

scribed in Equation (4.5) consisting of wheel speed sensor measurement in the along-

track direction, non-holonomic constraint resisting lateral sliding, and holonomic con-

straint on vertical movement [31]. Derivations and associated details are provided in

Appendix F.

�vB|{z}
z4k

=H4k

2664
xk

�RR

�RL

3775
| {z }

x4k

�LB�!̃B + �4k�4k (4.5)

where �RR; �RL are the radius errors of the wheels, LB is the skew-symmetric matrix

form of distance between the center of mass and the wheel axis, �!̃B is gyro rotation

rate measurement error, �4 is the noise coefficient matrix, and �4 � N (0;V 4) is the

white noise vector of the wheel speed sensor measurements. Both Equations (4.2)

and (4.5) refer to the velocity of the wheel speed sensor, but Equation (4.2) is used

only when the vehicle is stationary.

We use the state estimate error covariance for the integrity analysis. The EKF
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error covariance matrix propagation is described as

P̂ k = (I �KkHk)P̄ k (4.6)

P̄ k+1 = �kP̂ k�
T
k +Qk (4.7)

where P̂ is the updated estimate covariance, K is the Kalman gain, P̄ is the pre-

dicted estimate covariance, � is the state transition matrix, and Q is the covariance

associated with w in the discrete-time domain. P̄ contains each state’s error variance

along the diagonal:

P̄ =

2666666664
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3775 : (4.8)

The states are changeable with the combinations of the sensors, and Equation

(4.8) is an example of the INS-only case. The position error standard deviation (�r)

contains the error standard deviation of the along-track (�x), and that of the cross-

track (�y). We compare the �x and �y to the maximum allowable position error

standard deviations. P̄ is used for integrity evaluation rather than P̂ because P̄ will

be available to the vehicle at the INS output rate, which will be much higher than

the GNSS output rate.

Table 4.1 shows the sensor noise parameters used in our simulations. We as-

sume that the INS measurement frequency is 20 Hz, the GNSS and WSS measurement

frequency is 2 Hz, and the Lidar measurement frequency is 10 Hz. Even in situations

where the GNSS experiences an outage, the INS, WSS, and Lidar continue to provide

measurements at their respective frequencies.

Equations (4.1) and (4.5) include the gyro input �I!̃BB, which is also present

in the system dynamics. Consequently, the measurement noise and process noise are
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correlated, violating a key assumption of Kalman filtering and rendering it inappli-

cable in this form. To resolve this, we adopt the approach proposed by Bar-Shalom

et al. [34], modifying the dynamics equation to explicitly account for noise.
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Table 4.1. Multi-sensor noise parameters.

Sensor Noise (1�) Unit (STIM300/Ellipse2)

INS

Acc. Velocity Random Walk m/s/
p
hr 0.07 / 0.033

Bias Stability mg 0.05 / 0.014

Bias Time Constant hr (1) / (1)

Bias Repeatability mg 0.75 / (0.14)

Gyro Angular Random Walk deg/
p
hr 0.15 / 0.15

Bias Stability deg/hr 0.5 / 7

Bias Time Constant hr (1) / (1)

Bias Repeatability mg 0.75 / (0.14)

GNSS

Carrier Thermal Noise m 0.001

Code Thermal Noise m 0.25

Carrier Multipath m 0.005

Code Multipath m 0.5

Carrier Multipath Time Const. s 150

Code Multipath Time Const. s 80

ZUPT Violation Noise m/s 0.001

WSS Measurement Noise m/s 0.05

NHL Violation Noise m/s 0.001

Lidar

OS1-64 Ranging m 0.01

Angle deg 0.3

Survey m (0.02)

Values in () are used in the analysis but were not specified by the manufacturer.
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CHAPTER 5

THE LIMITATIONS OF INS AND DEAD-RECKONING SENSORS FOR URBAN
NAVIGATION

5.1 Analytic INS Position Error Models

Integration with INS should extend continuity in the urban environment. The

length of this extension typically depends on the INS quality or ‘grade.’ Unfortu-

nately, a general grade categorization is not particularly useful as a quality guideline

for the current application because of the complex contributions of individual INS

error characteristics. The outputs from accelerometers and gyros in an INS (specific

forces and angular rates, respectively) are each subject to Gaussian white noise and

slowly varying biases. Manufacturers specify these error sources in terms of ran-

dom walk, bias stability, bias time constant, and bias repeatability noise parameters

Nagai, K., Spenko, M., Henderson, R., Pervan, B., “Fault-Free Integrity of
Urban Driverless Vehicle Navigation with Multi-Sensor Integration: A Case Study in
Downtown Chicago,” NAVIGATION: Journal of the Institute of Navigation, 71(1),
navi.631, March 2024, provided figures and analysis for Chapters 2 through 6 of this
dissertation. NAVIGATION is an open access journal.

Nagai, K., Spenko, M., Henderson, R., Pervan, B., “Evaluating INS/ GNSS
Availability for Self-Driving Cars in Urban Environments,” Proceedings of the 2021
International Technical Meeting of the Institute of Navigation, January 2021, provided
figures for Chapter 5.

Nagai, K., Spenko, M., Henderson, R., Pervan, B., “Fault-Free Integrity and
Continuity for Driverless Urban Vehicle Navigation: A Case Study in Downtown
Chicago,” Proceedings of the 35th International Technical Meeting of the Satellite Di-
vision of The Institute of Navigation (ION GNSS+ 2022), Denver, Colorado, Septem-
ber 2022, provided figures and analysis for Chapters 2 through 6 of this dissertation.
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[35]. Random walk refers to additive Gaussian white noise affecting accelerometer

and gyroscope measurements. The sensor biases themselves are typically modeled

as first-order Gauss–Markov processes, with bias stability and bias time constants

characterizing the behavior of accelerometer and gyro drift over time. The error in

the initial knowledge of the bias state is referred to as bias repeatability. Table 4.1

describes the INS noise parameters of a STIM300 (tactical grade) and an Ellipse2

(industrial grade).

The EKF optimally accounts for all INS noise parameters to produce the best

overall state estimate, it obscures the individual contributions of each error source. To

assess how each inertial sensor error contributes to total position drift—particularly

during GNSS signal outages—we can derive analytical INS position error models that

characterize how these errors propagate over time. The analysis results will provide

immediately useful information to aid INS selection for driverless vehicle applications.

We derive two analytical INS position error models by treating the bias either

as a first-order Gauss–Markov process or as Gaussian white noise—referred to as the

precise and approximate models, respectively. The derivations of the equations are

given in [36] and Appendix G. Assuming perfect initialization and alignment, the

precise INS position error model is described as
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where t is time, Q�a is the power spectral density (PSD) of accelerometer random walk,

Q�a is the PSD of the accelerometer bias stability, Q�g is the PSD of the gyro random

walk, and Q�g is the PSD of the gyro bias stability, g is the gravitational acceleration,




