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Abstract

The last decade has seen the modernization of Global Navigation Satellite Systems (GNSS)

and the proliferation of multi-constellation, multi-frequency GNSS chipsets. This progress

has boosted the surge of GNSS-enabled handsets and revolutionized receiver industries and

Location-Based Services (LBS) for mass-market applications. These applications, including

autonomous driving, social networking, health tracking, and personal/property security, in-

creasingly demand higher levels of user positioning accuracy and reliability. In this context,

a fundamental push for smartphone positioning came in 2016 after Google released the

Android 7.0 platform, allowing users and developers the capability to access GNSS raw

measurements, including carrier-phase observations, catalyzing the progress of smartphone

precise positioning using Real-Time Kinematic (RTK) and Precise Point Positioning (PPP)

technologies. However, challenges such as high received signal noise, limited multipath sup-

pression capabilities, and frequent signal losses are prevalent in smartphone-grade GNSS

receivers and antennas. These factors notably degrade the performance of smartphone po-

sitioning for precise applications.

In response to these challenges, this dissertation is dedicated to addressing these smart-

phone positioning limitations and aims to provide accurate, continuous, and resilient Posi-

tioning, Navigation, and Timing (PNT) solutions with a developed smartphone processing

software. Given that ionospheric refraction at GNSS signals is a significant error source

impacting the accuracy of, e.g., PPP solutions, this research commences with an investi-

gation of smartphone PPP performance with external ionospheric constraints. To utilize

smartphone observations effectively, a novel PPP algorithm tailored for smartphone navi-
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gation is introduced. Further, this algorithm utilizes GPS, Galileo, GLONASS, and BeiDou

single- and dual-frequency observations, while also integrating pseudorange-only measure-

ments in scenarios where carrier-phase measurements are missing. Moreover, to overcome

limitations in both the PPP and RTK techniques, a novel PPP/RTK hybridization algo-

rithm with smartphone inertial measurement unit (IMU) integration is proposed. Validated

through a series of vehicle experiments conducted in realistic driving environments, the en-

hanced GNSS/IMU smartphone positioning algorithm was evaluated across various urban

multipath scenarios, including open-sky highways, vegetation roads, suburban roads, and

underpasses. The results demonstrate a substantial improvement in reducing horizontal root

mean square error (rmse), reducing it from approximately 10 m to less than 1.5 m compared

to traditional Single Point Positioning (SPP) solutions, showing a noteworthy advancement

in smartphone positioning capabilities.

Additionally, this research explores the utilization of the available Galileo HAS corrections

for smartphone navigation. To fully leverage all available smartphone measurements and

orbit and clock information directly from satellites, this research combines the corrections

with broadcast ephemerides for smartphone PPP processing (HASandBRDC PPP). Investi-

gated through vehicle experiments, the results show that the proposed HASandBRDC PPP

solutions are highly comparable to PPP solutions utilizing Centre National d’Etudes Spa-

tiales (CNES) ultra-rapid products with four GNSS constellations, achieving approximately

1.5 m of positioning performance. This finding underscores the great potential of real-time

smartphone applications in pelagic and mountain areas with limited Internet connectivity.

Keywords: GNSS; Smartphone; PPP; PPP/IMU; Ionospheric constraints; Pseudorange

enhancement; PPP/RTK Hybridization; Galileo High Accuracy Service; Urban environ-

ments
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Chapter 1

Introduction

Thanks to the maturity of Global Navigation Satellite Systems (GNSS) and the evolution

of microelectronic technologies, GNSS-enabled smartphones and their navigation capability

have gained intensive development over the last decade. These pocket-sized and affordable

smart devices have become an inseparable part of our daily lives, allowing people to remain

connected indefinitely and access information worldwide. As satellite navigation technology

progresses, furnishing smartphone users with accurate, continuous, and reliable Positioning,

Navigation, and Timing (PNT) solutions is the central focus of this dissertation.

1.1 The evolution of GNSS infrastructure and smartphones

The most renowned GNSS is the Global Positioning System (GPS), which stands as the

first global satellite navigation system. GPS originated from the collaborative efforts of the

United States Department of Defense. The genesis of GPS traces back to the early 1960s

when the U.S. Navy initiated experiments with satellite navigation systems. The impetus

behind these experiments stemmed from the military’s imperative for a dependable and

precise positioning system to enhance navigation capabilities across ships, aircraft, and

terrestrial vehicles for military applications. The first experimental GPS satellite, named

Navstar 1, was launched in 1978. Over the next decade, the U.S. Air Force orchestrated the

launch of numerous satellites into orbit to bolster the GPS constellation. On April 27, 1995,

the U.S. Air Force Space Command declared the attainment of full operational capability

for the GPS constellation (NASA, 2024; GPS.gov, 2024). This milestone underscored the
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system’s fulfillment of all requisite criteria, with 24 operational satellites occupying their

designated orbital positions. This achievement marked the system’s ability to provide both

the military Precise Positioning Service (PPS) and the civil Standard Positioning Service

(SPS) performance standard (Annex, 1995).

GLONASS was conceived by the Soviet Union during the early 1970s and is now man-

aged by Russia. The first GLONASS satellite was launched in 1982, marking the com-

mencement of the system’s deployment. However, due to financial constraints and tech-

nical obstacles, progress was sluggish during the initial phase. Despite these challenges,

GLONASS gradually attained operational status with a limited number of satellites in the

1990s (Urlichich et al., 2010). In 2010, GLONASS’s Initial Operational Capability (IOC)

was achieved with 18 satellites, followed by the completion of a full 24-satellite constella-

tion in 2011, catering to both civilian and military users. Unlike other satellite systems,

initial GLONASS satellites use Frequency Division Multiple Access (FDMA) rather than

Code Division Multiple Access (CDMA) to transmit signals. With the modernization of

GLONASS, several GLONASS-M and GLONASS-K satellites began transmitting CDMA

signals on the L3 band in 2011 (Urlichich et al., 2011).

Galileo is the European Union’s global satellite navigation system, designed to deliver

precise PNT services across the globe. Its development commenced in the late 1990s in

response to the increasing reliance on the GPS. The project received funding from the

European Commission and the European Space Agency, and the first two Galileo satellites,

named GIOVE-A and GIOVE-B, were launched in 2005 and 2008, respectively. Subsequent

successful testing led to Galileo attaining its Initial Services status in December 2016 (ESA,

2016). Furthermore, Galileo High Accuracy Service (HAS) officially announced its initial

service in January 2023, intending to provide Precise Point Positioning (PPP)-based services

to users worldwide (EUSPA, 2023).

BeiDou, also known as the BeiDou Navigation Satellite System (BDS), is China’s in-

digenous global satellite navigation system. Its development commenced in the 1980s as

part of China’s endeavour to establish an autonomous satellite navigation system, reducing
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reliance on GPS. Initially, BeiDou served as a regional navigation system, offering PNT

services primarily for users within China and neighbouring regions. The first generation

of BeiDou satellites, BeiDou-1, was launched in 2000, followed by the deployment of the

second generation, BeiDou-2, starting in 2007. By 2012, BeiDou-2 achieved operational ca-

pability, delivering navigation services to users across the Asia-Pacific region. Subsequently,

China outlined plans to expand BeiDou into a global navigation system, referred to as

BeiDou-3, aimed at providing global coverage through satellites in geostationary orbits,

inclined geosynchronous orbits, and medium Earth orbits. The BeiDou-3 constellation was

fully operationalized in June 2020 (China Satellite Navigation Office, 2019).

Regional satellite navigation systems are crucial for extending the reach and functional-

ity of GNSS within specific geographic areas. These systems, typically developed and oper-

ated by individual countries or consortia, are designed to meet the navigation requirements

of regions where coverage or accuracy provided by GNSS may be inadequate. Examples of

regional satellite navigation systems include Japan’s Quasi-Zenith Satellite System (QZSS)

and India’s Navigation with Indian Constellation (NavIC). Figure 1.1 shows the GNSS

satellite frequency spectrum for each constellation.

Figure 1.1: GNSS satellite signal frequency spectrum (unit: MHz)
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The evolution of GNSS and the accessibility of multi-constellation, multi-frequency sig-

nals have propelled the growth of GNSS-enabled handsets within the GNSS downstream

space application market. Progress in semiconductor technology has also facilitated the cre-

ation of smaller, more energy-efficient GNSS receivers. This advancement has allowed GNSS

chipset manufacturers to prioritize miniaturization and cost reduction, thereby enabling the

integration of GNSS capabilities into smartphones without substantial increases in size or

cost. According to the EU Agency for the Space Programme (EUSPA) GNSS market re-

port, smartphones continued to dominate the market, comprising approximately 80% of

the roughly 1.5 billion unit shipments in 2022, which was significantly higher than other

GNSS consumer devices. In 2023, the Consumer Solutions, Tourism, and Health segment ac-

counted for 90% of the installed base of GNSS devices, primarily due to the substantial sales

of smartphones and wearables. The global GNSS downstream market revenues from both

device and service sales amounted to 260 billion euros, and revenues from smartphone apps

represented a significant component, comprising over 60% of added-value services and over

40% of the total revenues (EUSPA, 2024). Recently, Bisnath and Aggrey (2024) explored

the current state and limitations associated with GNSS smartphone positioning, highlight-

ing that precise positioning is essential for smartphone-based applications. These figures

underscore the extensive integration of GNSS technology into smartphones and highlight

the significant economic influence of the smartphone market.

Figure 1.2 illustrates the evolutionary path of smartphones over the past few decades.

The first commercially available phone with GPS support was the Benefon Esc! released

in 1999. Manufactured by the Finnish company Benefon, this mobile phone was among

the first to incorporate GPS technology for PNT services. Despite GPS technology being

relatively new in consumer devices at that time, the Benefon Esc! played a pivotal role in

paving the way for the integration of GPS capabilities into mainstream mobile phones in

the subsequent years. In 2005, Samsung introduced the SCH-S310, the first phone equipped

with a three-axis accelerometer, enabling users to dial phone numbers by gestures in the air.

Subsequently, the first commercially available phone to operate on the Android operating
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system was the HTC Dream, also known as the T-Mobile G1, which debuted in October

2008. In this context, a fundamental push for smartphone positioning came in 2016 after

Google released the Android 7.0 platform (Malkos, 2016), allowing users and developers the

capability to access GNSS raw measurements, including carrier-phase observations, catalyz-

ing the progress of smartphone precise positioning using Real-Time Kinematic (RTK) and

PPP technologies (Gill et al., 2017; Odolinski and Teunissen, 2019). In response to mass-

market demands, Broadcom launched the first dual-frequency, multi-constellation GNSS

chipset BCM47755 in 2017, ushering in a new era in smartphone dual-frequency GNSS pro-

cessing to manage the ionospheric delay. In 2018, the first dual-frequency smartphone MI 8

was released with a BCM47755 chip (Elmezayen and El-Rabbany, 2019). Presently, smart-

phones integrated with multi-frequency, multi-constellation GNSS chipsets are increasingly

prevalent in the market, reflecting the evolution toward enhanced positioning capabilities.

Figure 1.2: Evolutionary path of smartphones

GNSS-enabled smartphones have revolutionized our daily lives by providing access to

a wide range of location-based applications and services. The potential applications that

enrich our daily experiences are illustrated in Figure 1.3:
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Figure 1.3: Smartphone applications for daily lives

1. Vehicle navigation: GNSS-enabled smartphones serve as portable navigation de-

vices, offering turn-by-turn directions, real-time traffic updates, and route optimiza-

tion to help users navigate unfamiliar environments.

Common smartphone applications: Google Maps, Apple Maps, Waze, Baidu map,

Amap, Uber, Lyft, etc.

2. Sharing economy: The sharing economy is a peer-to-peer (P2P) economic system,

smartphones serve as powerful tools for connecting users, facilitating transactions, and

enabling access to shared resources such as bike-sharing, car-sharing, accommodation-

sharing, etc.

Common smartphone applications: Hello bike, Zipcar, Getaround, etc.

3. Geotagging and social media: GNSS-enabled smartphones enable geotagging, al-

lowing users to attach location information to photos, videos, and social media posts.

Common smartphone applications: Instagram, Facebook, Twitter, Wechat, etc.
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4. Fitness and health tracking: Users can use their phones to monitor their outdoor

activities such as walking, running, cycling, and hiking.

Common smartphone applications: Nike Run Club, MapMyFitness, Strava, etc.

5. Travel and exploration: GNSS-enabled smartphones facilitate travel and explo-

ration by providing access to travel planning tools, offline maps, location-based rec-

ommendations, and hotel rentals.

Common smartphone applications: Airbnb, Booking, TripAdvisor, Meituan, etc.

1.2 Current limitations and challenges

Smartphone positioning techniques and their navigation capability based on GNSS have seen

intensive development in the last decade. The proliferation of GNSS-enabled smartphones

and wearables has boosted the GNSS downstream industries, around which a growing num-

ber of applications require greater positioning accuracy, resilience, and availability. How-

ever, the commercialization of the smartphone industry has produced the low-cost nature of

GNSS chips and antennas on mobile devices, compromising the quality of observation data

compared to that of geodetic receivers, which is challenging for high-precision positioning

services.

Compared to a geodetic antenna, the omnidirectional polarized antenna used in smart-

phones has the advantage to receive reflected signals from all directions, but the tradeoff

is that smartphone GNSS measurements are susceptible to significant multipath effects

(Darugna et al., 2021; Pathak et al., 2003). It is well recognized that the smartphone GNSS

antenna is the major restriction that limits smartphone positioning accuracy, and great

efforts have been made to characterize smartphone GNSS observations and mitigate the

impact of multipath and unexpected measurement noise. Liu et al. (2019b) characterized

the smartphone observation errors with respect to the geodetic receiver through a short

baseline and single-difference approach, and the authors found that unexpected measure-

ment noise can reach 10-30 m in smartphone pseudorange measurements. Similar conclusions

can be also drawn from recent studies (Zhang et al., 2018b; Li and Geng, 2019; Paziewski,
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2020a). Continuing this research, it has been suggested that a carrier-to-noise density ra-

tio (C/N0)-based weighting scheme is superior to the traditional elevation-based stochastic

weighting scheme for smartphone processing (Shinghal and Bisnath, 2021; Banville et al.,

2019; Zhang et al., 2018b), as the noisy smartphone observations are prone to lower C/N0

(Zhang et al., 2018a; Paziewski et al., 2019), the detailed explanations and determination

of C/N0 weighting scheme are discussed in Chapter 3. Recently, smartphone carrier-phase

ambiguities have been successfully resolved for both PPP and RTK by using an external

geodetic antenna (Geng et al., 2018; Wen et al., 2020; Geng and Li, 2019). This development

suggests that achieving cm-level positioning accuracy with smartphones is indeed possible.

However, connecting an external antenna to smartphones, especially in real-world scenar-

ios like in-car navigation where users typically mount their phones on the vehicle dashboard,

is not practical. Figure 1.4 illustrates the probability distribution of smartphone range er-

rors at different locations. The results indicate that the standard deviation values of range

errors are 5.1 m on the car roof and 5.3 m on the dashboard for pseudorange measurement

on the first frequency (P1). For pseudorange measurement on the second frequency (P5),

the standard deviation values are 2.2 m on the car roof and 2.4 m on the dashboard (Hu

et al., 2023). These findings underscore the challenges associated with achieving precise

smartphone positioning due to signal noise and multipath effects.

Additionally, GNSS chipsets in smartphones have limited signal-tracking capabilities.

For instance, the Xiaomi Mi 8 smartphone, equipped with the BCM47755 chipset, can

track pseudorange and carrier-phase measurements for GPS, GLONASS, Galileo, and Bei-

Dou (GREC) constellations, with dual-frequency support for GPS L5 and Galileo E5a

signals. Although this capability exceeds that of many other smartphone chipsets, which

typically only support single-frequency and pseudorange measurements, it still falls behind

the capabilities of geodetic and low-cost receivers. This discrepancy is illustrated in Table

1.1, which compares the signal-tracking performance of the Xiaomi Mi 8 with that of the

low-cost Septentrio Mosaic X5 receiver.
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Figure 1.4: Smartphone range error distribution comparison (Hu et al., 2023)

Table 1.1: Signal tracking discrepancy between Xiaomi MI 8 and Septentrio Mosaic X5

Constellations GPS GLONASS Galileo BeiDou
Signals L1 C/A L1P L2 C/A L2P L5 L1 C/A L2 C/A L2P L3 E1 E5a E5b E5 E6 B1I B1C B2a B2I B2b B3I

Septentrio
Mosaic X5 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Xiaomi MI 8 ✓ × ✓ × × ✓ × × × ✓ ✓ × × × ✓ × × × × ×

Figure 1.5 illustrates the number of observations, including pseudorange and carrier-

phase measurements, tracked by the MI 8 smartphone and the Mosaic X5 receiver for

GREC single- and dual-frequency processing during a kinematic test conducted on October

10, 2022. It is evident that the Mosaic X5 receiver can track a greater number of obser-

vations compared to the MI 8 smartphone. On average, the Mosaic X5 receiver tracks 83

observations, significantly more than the MI 8, which tracks only 56 observations. Addi-

tionally, both the Mosaic X5 and MI 8 experience a notable reduction in observations at

times 20.44 hours and 20.65 hours, due to signal blockages caused by underpasses. These

findings underscore the significant challenges faced by smartphone GNSS positioning, in-

cluding limited observations, high signal noise, limited multipath suppression capabilities,

and signal loss, which impact the accuracy of precise positioning solutions.
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Figure 1.5: The number of observations (code and phase) comparison for Xiaomi MI 8 and
Septentrio Mosaic X5 for GREC single- and dual-frequency processing

1.3 Research questions and contributions

To tackle the challenges outlined in Section 1.2, this research makes significant contributions

across four key topics, each aiming at addressing specific research questions to enhance

smartphone precise positioning.

Research topic 1: It is widely acknowledged that smartphone measurements are sus-

ceptible to low carrier-to-noise-density ratio (C/N0) and significant multipath effects. These

factors can have a notable impact on the accurate estimation of positioning errors, partic-

ularly in correctly estimating ionospheric delay, which is a major contributor to errors in

GNSS positioning. Previous research has demonstrated that combining Ionospheric Con-

straints (IC) with Differential Code Bias (DCB) estimation is an effective approach to

improve PPP solution initialization. However, none of these studies investigated the utility

of PPP-IC with Global Ionospheric Maps (GIM) for the spectrum of next-generation GNSS

hardware. Therefore, this research delves into this topic to address the following questions:

1. Whether the GIM ionospheric constraints help in terms of initialization for the dual-

frequency smartphone, low-cost, and geodetic hardware PPP?
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2. Whether the ionospheric constraints help under challenging environments for these

three different grades of GNSS receivers?

3. How significant is the improvement of PPP-IC for the smartphone in comparison to

low-cost and geodetic-grade receivers?

4. Do ionospheric constraints influence other PPP states, such as estimated receiver clock

offset and ambiguities?

Research topic 2: Smartphone positioning is challenged by significant signal losses and

insufficient satellite coverage, leading to suboptimal satellite geometry for GNSS position-

ing. Notably, previous studies have not fully utilized all available pseudorange and phase

measurements for smartphone PPP processing. This is particularly evident when smart-

phone chipsets occasionally record only pseudorange measurements from satellites, while

omitting corresponding phase measurements. Moreover, traditional quality control meth-

ods, such as post-fit residual rejection with fixed thresholds, are inadequate for meeting

the dynamic positioning requirements of smartphones. Therefore, this research proposes an

adaptive post-fit residual rejection method to mitigate the effects of noisy measurements.

This method is combined with an enhanced PPP algorithm designed to utilize all available

pseudorange and phase measurements for smartphone processing. The main novelties and

contributions of topic 2 are to answer the following questions:

1. With regard to ultra-low-cost (smartphone-grade) hardware with an approximate cost

of $10, does pseudorange-enhanced PPP improve traditional PPP solutions and to

what extent in harsh environments?

2. Assessed through the range error correlation analysis, which indicators among the

satellite elevation, C/N0 value, pre-fit residuals, and post-fit residuals can infer smart-

phone measurement quality?

3. How to form the adaptive post-fit residual rejection function according to the learning

statistic? And what is the ‘best’ GNSS PPP solution with smartphone-grade GNSS

chipset and antenna that can be attained in real-world driving environments?
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Research topic 3: Despite notable advancements, the primary limitations hindering

the use of smartphones for precise navigation applications are their low-quality, noisy mea-

surements, and the degradation of positioning accuracy during GNSS outages. While the

concept of integrating PPP or other GNSS techniques with inertial measurement unit (IMU)

data is not new, it is worth noting that this research represents the first implementation

of native inertial sensors from smartphones (such as Xiaomi MI 8 and Samsung Galaxy

S21+) for tightly-coupled PPP/IMU integration, addressing not only benign environments

but also realistic urban areas. While RTK may be considered a traditional positioning tech-

nique that requires a base station, it still offers a more reliable and accurate positioning

solution during the initialization stage compared to PPP. This research introduces a novel

PPP and RTK hybridization algorithm designed to leverage the strengths of both advanced

positioning techniques in smartphone positioning. This is crucial for the automotive indus-

try as it enables drivers to reach their destinations efficiently and safely while enhancing

location-based services. Hence, the key novelties and contributions of topic 3 aim to address

the following questions:

1. In realistic driving scenarios, how comparable is the ionospheric-constrained smart-

phone PPP solution to RTK performance?

2. How does tightly-coupled IMU integration behave on RTK and PPP modes under

different multipath profiles? Does the inclusion of smartphone native IMU harm the

PPP or RTK solutions?

3. How does the proposed hybridization algorithm perform in comparison to RTK and

PPP? And what is the optimal solution that smartphone precise positioning can

achieve now with GNSS and IMU measurements in real-world driving environments?

Research topic 4: While the pursuit of real-time precise positioning has been ongoing

for decades, both RTK and traditional real-time PPP are constrained by the need for nearby

infrastructures, such as a nearby base station for RTK or nearby Internet infrastructure for

PPP, to receive real-time streams. This requirement is highly impractical and costly, partic-
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ularly in rural and pelagic areas. However, the emergence of Galileo High Accuracy Service

(HAS) offers a promising solution. Officially announced in January 2023, HAS provides pre-

cise orbit, clock, and bias information through the E6B signal globally and free of charge.

This development eliminates the need for an Internet connection, making real-time PPP

feasible without such limitations. In light of this, the present research explores smartphone

HAS PPP processing and proposes an algorithm that leverages HAS corrections and broad-

cast ephemeris information for smartphone positioning. Therefore, the major novelties and

contributions of topic 4 aim to answer the following questions:

1. In comparison to the initial phase of Galileo HAS in 2022, how do the available HAS

corrections and associated broadcast ephemeris perform after the official HAS an-

nouncement in 2023, in terms of orbit and clock availability, Signal-In-Space Ranging

Error (SISRE), and SISRE distribution?

2. For smartphone-based navigation, how does the HAS PPP solution perform compared

to traditional Single Point Positioning (SPP) and PPP with broadcast ephemeris

(BRDC PPP) with GPS and Galileo constellations?

3. In realistic driving conditions, how does the proposed smartphone PPP with the

combination of HAS corrections and broadcast ephemeris (HASandBRDC) behave

compared to the smartphone PPP solution using traditional Internet-based ultra-

rapid products with a full four constellations? Additionally, how does the inclusion of

the smartphone IMU measurements impact the overall performance?

Furthermore, this research has developed a high-precision mobile data positioning pro-

cessing software named "Jaqen", which integrates all the innovative algorithms and academic

contributions of this research, as will be discussed in the next section. Additionally, many

of the achievements and contributions of this research have been disseminated through

publications in journals and conference proceedings. The following publications were pro-

duced during the preparation of this dissertation, and the first-authored and corresponding

authored publications (major contributions) are listed below:
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1. Yi, D., Hu, J., and Bisnath, S. (2024). Improving PPP smartphone processing with

adaptive quality control method in obstructed environments when carrier-phase mea-

surements are missing. GPS Solutions, 28(1), 56.

2. Yi, D., Bisnath, S., Naciri, N., de Blas, F. J., and Capua, R. (2023, September).

Performance Assessment of Galileo High Accuracy Service (HAS) with Low-Cost

GNSS/IMU Sensors in Urban Driving Environments. In Proceedings of the 36th In-

ternational Technical Meeting of the Satellite Division of The Institute of Navigation

(ION GNSS+ 2023) (pp. 1403-1416).

3. Yi, D., and Yang, S. (2023, September). Hybridization of Smartphone GNSS PPP/RTK

with Native IMU in Realistic Driving Scenarios. In Proceedings of the 36th Interna-

tional Technical Meeting of the Satellite Division of The Institute of Navigation (ION

GNSS+ 2023) (pp. 2227-2241) (student paper award).

4. Hu, J., Yi, D., and Bisnath, S. (2023). A Comprehensive Analysis of Smartphone

GNSS Range Errors in Realistic Environments. Sensors, 23(3), 1631.

5. Yang, S., Yi, D., Vana, S., and Bisnath, S. (2023). Resilient Smartphone Positioning

using Native Sensors and PPP Augmentation. NAVIGATION: Journal of the Institute

of Navigation, 70(2).

6. Yi, D., Yang, S., and Bisnath, S. (2022). Native smartphone single-and dual-frequency

GNSS-PPP/IMU solution in real-world driving scenarios. Remote Sensing, 14(14),

3286.

7. Yi, D., Bisnath, S., Naciri, N., and Vana, S. (2021). Effects of ionospheric constraints

in Precise Point Positioning processing of geodetic, low-cost and smartphone GNSS

measurements. Measurement, 183, 109887.

with relevant co-authored publications:
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1. Naciri, N., Yi, D., Bisnath, S., de Blas, F. J., and Capua, R. (2023). Assessment of

Galileo High Accuracy Service (HAS) test signals and preliminary positioning perfor-

mance. GPS solutions, 27(2), 73.

2. Naciri, N., Yi, D., Bisnath, S., de Blas, F. J., and Capua, R. (2022, September).

Validation of a European High accuracy GNSS service for cadastral surveying appli-

cations. In Proceedings of the 35th International Technical Meeting of the Satellite

Division of The Institute of Navigation (ION GNSS+ 2022) (pp. 381-396).

3. Seepersad, G., Hu, J., Yang, S., Yi, D., and Bisnath, S. (2022, September). Perfor-

mance Assessment of Tightly Coupled Smartphone Sensors with Legacy and State

Space Corrections. In Proceedings of the 35th International Technical Meeting of the

Satellite Division of The Institute of Navigation (ION GNSS+ 2022) (pp. 2235-2255).

4. Seepersad, G., Hu, J., Yang, S., Yi, D., and Bisnath, S. (2021, September). Changing

lanes with smartphones technology. In Proceedings of the 34th International Technical

Meeting of the Satellite Division of The Institute of Navigation (ION GNSS+ 2021)

(pp. 3021-3036).

1.4 Dissertation outline

Chapter 2 provides an overview of advanced GNSS-based positioning techniques. It begins

by discussing sources of GNSS errors that can be modelled or predicted using mathematical

simulations and precise products. This chapter then compares SPP, RTK, and PPP for their

observation equations, as well as their respective advantages and disadvantages. Addition-

ally, Chapter 2 covers GNSS/IMU integration algorithms, including IMU initialization and

alignment, IMU mechanization, and the tightly-coupled GNSS/IMU EKF model.

Chapter 3 is dedicated to addressing the research questions outlined in research topic

1. It focuses on utilizing the GIM as an external ionospheric constraint for PPP processing.

This chapter introduces the PPP-IC model, which incorporates receiver DCB estimation,

along with stochastic weighting schemes and processing settings tailored to various GNSS
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hardware. Static and kinematic experiments are conducted using geodetic, low-cost, and

smartphone GNSS receivers. The horizontal performance results with and without iono-

spheric constraints are compared across different scenarios, and the impacts of PPP-IC on

PPP states are analyzed.

Chapter 4 delves into the analysis of the research questions raised by research topic 2. It

introduces an enhanced smartphone PPP model designed to utilize all smartphone observa-

tions in both single- and dual-frequency processing. This algorithm includes incorporating

pseudorange-only measurements, which are often disregarded in traditional PPP processing

methods. Additionally, this chapter discusses the implementation of an adaptive post-fit

residual threshold method aimed at effectively filtering out noisy measurements. Chapter

4 further explores these algorithms through ten kinematic vehicle experiments, presenting

detailed insights into their impacts on positioning accuracy and performance.

Chapter 5 focuses on solving the research questions raised by research topic 3. It cen-

tres on evaluating the discrepancy in performance between RTK and PPP for smartphone

positioning. This chapter introduces a novel PPP/RTK hybridization algorithm aimed at

enhancing smartphone positioning accuracy. Additionally, it discusses the integration of

native IMU raw measurements with PPP to provide robust and accurate solutions, par-

ticularly in challenging environments. This chapter concludes with the validation of these

algorithms through realistic driving tests.

Chapter 6 aims to investigate the research questions posed by research topic 4. It begins

with an exploration of the recent advancements in Galileo HAS and its implications for

real-time PPP. Subsequently, this chapter conducts a thorough evaluation of HAS and

assesses the errors associated with broadcast products. To leverage the satellite-disseminated

information and smartphone observations effectively, a new algorithm is proposed. This

algorithm is designed to utilize HAS and broadcast products for processing the GNSS

signals from four constellations (GREC) for smartphone PPP and PPP/IMU integration.

The algorithm’s performance is evaluated across various kinematic environments featuring

multiple multipath profiles.
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Chapter 7 offers a summary of the research findings and the importance of the research’s

outcomes. Additionally, it provides recommendations for future work, highlighting potential

areas for further exploration and improvement in the field of smartphone positioning and

navigation.
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Chapter 2

Advanced GNSS-based positioning
techniques

Navigation solutions from smartphones and other smart devices, e.g., smart watches, equipped

with GNSS and IMU sensors have become an integral part of our daily lives. This progress

has, in turn, significantly boosted smartphone applications, such as augmented reality, so-

cial networking, gaming, mobile mapping, autonomous driving, etc. To address the research

questions posed in Chapter 1, this chapter provides an overview of GNSS/IMU positioning

techniques, processing software, as well as measurement campaigns for smartphone appli-

cations.

2.1 GNSS error sources

Multi-GNSS satellite positioning techniques require considering numerous error sources from

satellites, receivers, and signal propagation. These errors can be categorized as follows: 1)

errors that can be accurately predicted or modelled, and 2) errors that require estimation.

2.1.1 GNSS modelled errors

This section provides a brief overview of the GNSS errors that can be predicted or modelled

using mathematical models or precise products such as SP3 and CLK files (Gurtner and

Estey, 2007; Hilla, 2016). These errors are referred to as GNSS modelled errors.
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Satellite orbit and clock errors

Satellite orbit errors arise from differences between the calculated orbit, obtained through

the Lagrange or Chebyshev interpolation using broadcast or precise ephemeris, and the

actual positions of a satellite. These discrepancies are influenced by factors like the distri-

bution of ground tracking stations, orbit determination models, data processing methods,

etc. Presently, the International GNSS Service (IGS) offers real-time satellite broadcast and

ultra-rapid (predicted half), along with post-processed ultra-rapid (observed half), rapid,

and final precise products (CDDIS, 2024). Typically, broadcast products offer an orbit ac-

curacy of 100 cm, while ultra-rapid (predicted half) products can achieve accuracies of 5 cm

in real-time. Currently, the best final precise orbit products can achieve accuracies of 2.5

cm, substantially reducing the impact of orbit errors on precise positioning (IGS, 2024).

Despite the presence of highly stable atomic clocks onboard satellites, the continuous

clock drift unavoidably accounts for clock desynchronization between the time generated

by the satellite atomic clock and the GPS time. Typically, a quadratic function is used to

describe the variation of satellite clock error with corresponding satellite clock bias, drift,

and aging parameters. The current final clock products can achieve clock root mean square

error (rms) of 75 ps, with a standard deviation of 20 ps (IGS, 2024).

Tropospheric hydrostatic delay

The troposphere is the lowest layer of the Earth’s atmosphere, extending from the Earth’s

surface up to 9 km over the poles and about 16 km over the equator. In GNSS processing,

the troposphere effect will include the layers of the Earth’s atmosphere up to about 50

km, and it introduces delays of equal magnitude to both pseudorange and carrier-phase

signals (Teunissen and Montenbruck, 2017). Approximately 90% of this delay is attributed

to the dry or hydrostatic component. Given the consistent and homogeneous distribution of

dry atmosphere constituents, tropospheric zenith hydrostatic delay (ZHD) can be corrected

using empirical models such as the Hopfield model and Saastamoinen model, (Hopfield, 1969;

Saastamoinen, 1972). The other crucial component of tropospheric delay is the tropospheric
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wet delay, which is estimated in the GNSS processing and accounts for approximately 10%

of the total tropospheric delay. This will be discussed in the subsequent section.

Satellite hardware delays

Satellite hardware delays stem from numerous processes occurring between signal genera-

tion and transmission to the satellite antenna. These delays impact both code and phase

measurements and are correlated with signal frequency. The satellite hardware delays can

be eliminated or mitigated by utilizing Total Group Delay (TGD) information, or products

from Differential Code Bias (DCB), Differential Phase Bias (DPB), and Observable-specific

Signal Biases (OSB) corrections.

Satellite antenna correction

The geometric range is measured between the phase centres of the satellite and receiver

antennas. The GNSS receiver antenna serves as the intermediary component, filtering, am-

plifying, and converting the incoming signal from satellites into an electrical signal that can

be processed by receivers. The point at which the satellite signal is received is referred to

as the Antenna Phase Centre (APC). Typically, the APC does not align precisely with the

geometric centre of the antenna and is influenced by various factors, as noted by Zhou et al.

(2022). Therefore, accurately determining the position of the phase centre of the receiving

GNSS antenna is crucial to meet the requirement of precise positioning. The antenna Phase

Centre Offset (PCO) is defined as the average of phase centre locations relative to a physical

reference point, which is usually provided by the manufacturer; if not, the determination

of these coordinates is carried out by a calibration procedure. In contrast, Phase Centre

Variation (PCV) refers to the deviation of the antenna phase centre beyond the antenna

offset. In processing, PCO and PCV from satellite antenna and IGS station receivers can be

corrected from the IGS ANTenna EXchange ANTenna EXchange (ANTEX) file (Schmid

et al., 2016). Typically, PCO and PCV can lead to decimetre-to-centimetre level corrections

for geodetic processing (Teunissen and Montenbruck, 2017). Currently, smartphone PCO

and PCV corrections remain unavailable and are not applied in the PPP processing.
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Phase wind-up

GNSS satellites transmit circularly polarized radio waves, meaning that the carrier-phase

measurements depend on the relative orientation of the satellite and receiver antennas. If

either the receiver or transmitter antenna rotates a full rotation around its boresight axis, it

will result in a change in the carrier-phase measurement by one cycle. This phenomenon is

known as phase wind-up (Teunissen and Montenbruck, 2017). Typically, the fractional part

of the carrier-phase wind-up presents a minor correction, on the order of a few centimetres

in terms of phase path, which is essential to consider for high-precision applications (Wu

et al., 1992).

Relativistic effects

Einstein’s theory of relativity predicts that relativistic effects arise due to differences in

gravitational potential and relative speeds between satellites and receiver clocks. Haustein

(2009) noted that neglecting these effects could lead to significant errors, such as 12 km

per day for position determination or 39 microseconds for time determination. The three

primary effects of relativity on positioning are:

1. Fixed Frequency Offset Effect: a fixed frequency offset exists in the satellite’s clock

rate when observed from Earth. This effect is intentionally compensated in the satellite

clock products, eliminating the need for users to consider it.

2. Sagnac effect: the Sagnac effect occurs due to the Earth’s rotation during the propa-

gation of GNSS signals. It represents a correction to accommodate the time dilation

caused by a clock carried by a rotating object in non-inertial frames (Ashby and

Spilker, 1996). This effect arises from the tendency of a moving clock to run slower

than one at rest or moving at a slower speed. Consequently, it leads to a frequency

offset that can be interpreted as a distance.

3. Periodic Clock Error Effect: the satellite orbits are not perfectly circular, and the

slight eccentricity of each orbit introduces an additional periodic clock error. To ac-
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count for this effect, a correction must be applied to the broadcast time of the sig-

nal transmission (Ashby and Spilker, 1996). This clock effect can be eliminated by

double-differencing. However, it can introduce a maximum error of 6.9 m in distance

for undifferenced positioning.

Solid Earth tides

Solid Earth tides result from gravitational forces exerted by celestial bodies such as the moon

and sun, leading to displacements in the Earth’s surface. These mostly vertical displacements

vary depending on the gravitational potential at the site location, with typical ranges of 20

cm and occasional peaks exceeding 30 cm at certain stations (Zheng, 2007). The magnitude

of solid Earth tides on GNSS horizontal positioning is typically on centimetre level or less.

Therefore, the solid Earth tides are still significant for cm level accuracy.

Ocean loading

Similar to solid earth tides, ocean loading refers to the deformation of the Earth’s crust due

to the movement of large bodies of water, primarily the oceans. Ocean loading primarily

affects areas close to the oceans, typically at the millimetre level (Agnew, 1997), and is

negligible for smartphone applications.

2.1.2 GNSS estimated errors

Equation (2.1) presents the pseudorange and carrier-phase measurement equations.

P s
r,i = ρs

r + c (dtr − dts) + γiI
s
r,1 +M s

rTr + br,Pi − bs
Pi

+ εPi

Ls
r,i = ρs

r + c (dtr − dts) − γiI
s
r,1 +M s

rTr + λi

(
N s

i + br,Li − bs
Li

)
+ εLi

(2.1)

where Pi and Li represent the pseudorange and carrier-phase measurements on frequency

fi, respectively; i refers to signal frequency index, and ρs
r refers the geometric distance

between satellite s and receiver r; dtr and dts represent the receiver and satellite clock offset,

respectively; c refers to the speed of light, and γi equals to f2
1 /f

2
i ;M s

r is the mapping function

that converts the zenith troposphere delay Tr to slant troposphere delay, Is
r,1 is the slant
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ionospheric delay on the first frequency; br,P and br,L denote the receiver code and phase

biases, respectively; bs
P and bs

L denote the satellite code and phase biases, respectively; λ is

the signal wavelength, and N is the unknown ambiguity in cycles; εP and εL are unmodelled

pseudorange and phase noises, respectively. It is important to note that the satellite clock

errors and code biases are retained in the equations to provide a clear illustration and

understanding of the measurement constituents. These states and errors are discussed briefly

below:

Receiver clock errors

In general, GNSS receivers are equipped with low-cost crystal clocks, which have lower

accuracy and stability compared to satellite clocks. Consequently, receiver clock errors tend

to be larger than those of GNSS satellite clocks. RTK and Post-Processed Kinematic (PPK),

or relative positioning techniques utilize the double-differencing method to eliminate receiver

clock errors, while Single Point Positioning (SPP) and PPP estimate the receiver clock error

as an additional estimate in the processing, posing a requirement of a minimum of four

visible satellites to obtain a solution from a standalone receiver. In traditional PPP mode,

the estimated receiver clock absorbs the receiver biases and they are highly correlated.

Ionospheric error

The ionosphere is like a shell that is electrically charged and acts as a dispersive medium in

which waves of different frequencies travel at different velocities. The ionosphere stretches

from a height of 50 km to 1000 km, and the GNSS signal ionospheric refraction depends

on its frequencies and the Total Electron Content (TEC). It is generally assumed that the

electron density of the atmosphere is concentrated at an average height of 350 km (Schaer

et al., 1999). The presence of electrons and ions within the ionosphere significantly influences

the propagation of satellite signals, leading to discrepancies in the satellite ranging from

the order of a few metres to tens of metres. The ionospheric effect affects pseudorange and

carrier-phase measurements differently (Hofmann-Wellenhof et al., 2012; Leick et al., 2015).
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Ionospheric errors can be mitigated for short-baseline RTK or ionosphere-free dual-

frequency signal combination techniques. In Undifferenced and Uncombined (UDUC) mode,

the slant ionospheric delay on the first frequency is estimated as an additional parameter

and absorbs the receiver and satellite biases. Additionally, ionospheric delays can be approx-

imated using the Klobuchar model and Global Ionospheric Maps (GIM) (Klobuchar, 1975;

Jee et al., 2010). For PPP-RTK applications requiring higher accuracy, Regional Ionospheric

Maps (RIM) are necessary (Li et al., 2022a).

Tropospheric wet delay

Unlike the ZHD, which contributes to approximately 90% of tropospheric errors and is

relatively stable, the troposphere zenith wet delay (ZWD) accounts for around 10% of the

errors and is highly variable due to fluctuations in water vapor pressure and temperature,

which are difficult to predict. In short-baseline RTK positioning, ZWD is addressed using

the double-differencing method, while ZWD is estimated as an additional parameter in PPP

processing.

Carrier-phase ambiguity

Carrier-phase measurements are significantly more precise compared to code pseudorange

measurements. However, they contain an ambiguity, which refers to the unknown integer

number of carrier wavelengths between the satellite and the receiver. The initial estimation

of the real ambiguities primarily relies on the code measurements, which have low accuracy

due to their metre-level ranging precision (Hofmann-Wellenhof et al., 2012). The estimated

float ambiguity is coupled with various biases, resolving the ambiguities to integers can

notably enhance positioning quality, particularly for the east component.

Receiver hardware delays

Receiver hardware delays, akin to satellite hardware delays, affect both code and phase

measurements. Generally, these delays are unknown to users and are either absorbed in the

estimated receiver clock offset or mitigated through the between-satellite single-differencing

method.
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Noise

The unmodelled pseudorange and phase noises primarily originate from receiver noise and

multipath effects. Receiver noise arises from imperfections in the signal processing chain,

including components such as the antenna, cables, connectors, and the receiver itself (Te-

unissen and Montenbruck, 2017). Multipath effects occur when signals transmitted from

satellites to receivers follow multiple paths, including indirect routes where the signal is

reflected, diffracted, or scattered off surfaces like buildings, trees, or the ground before

reaching the receiver. Both receiver noise and multipath effects are grouped in εP and εL

in Equation (2.1).

2.2 GNSS techniques

This section provides an overview of three widely adopted GNSS techniques utilized in mass-

market applications to improve accuracy and reliability: Single Point Positioning (SPP),

relative GNSS, and Precise Point Positioning (PPP). Further information on each of these

GNSS processing modes, including RTK, DGNSS, and SPP, can be found in (Hofmann-

Wellenhof et al., 2012; Leick et al., 2015).

2.2.1 Single Point Positioning

SPP is a fundamental technique used in GNSS to determine the position of a receiver using

signals from satellites. In SPP, a receiver calculates its position using measurements of the

pseudorange (code) measurements transmitted by satellites in view. This technique is called

"single point" because it relies solely on the measurements made at the receiver itself, without

any assistance or augmentation from additional reference stations or network corrections.

Trilateration involves determining the receiver’s position by intersecting spheres centreed

on each satellite, with radii equal to the measured pseudorange between the receiver and
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each satellite, and the basic observed pseudorange equation can be simplified as:

P 1
r (t) =

√
(X1 −Xr)2 + (Y 1 − Yr)2 + (Z1 − Zr)2 + cdtr + εP1

P 2
r (t) =

√
(X2 −Xr)2 + (Y 2 − Yr)2 + (Z2 − Zr)2 + cdtr + εP2

P 3
r (t) =

√
(X3 −Xr)2 + (Y 3 − Yr)2 + (Z3 − Zr)2 + cdtr + εP3

P 4
r (t) =

√
(X4 −Xr)4 + (Y 4 − Yr)2 + (Z4 − Zr)2 + cdtr + εP4

(2.2)

where P j
r (t) is the measured pseudorange between the receiver r and the satellite j. By

knowing the exact positions of the satellites (Xj , Y j , Zj) at epoch t, the receiver can calcu-

late its own position Xr, Yr, Zr. Multilateration extends this concept to include signals from

more than four satellites, enabling a more precise determination of the receiver’s position.

SPP is frequently employed in applications like personal navigation devices, smart-

phones, and recreational GPS receivers, catering to users needing reasonably accurate po-

sitioning data for tasks such as navigation, mapping, and geotagging. However, SPP often

offers lower accuracy, typically within a range of 10 m at the 95% confidence level in smart-

phone processing (Shinghal, 2020), due to several factors: 1) inaccurate code measurements,

2) errors in broadcast ephemeris products, and 3) atmospheric delays.

2.2.2 Relative GNSS

Relative GNSS is a technique employed to enhance positioning accuracy by leveraging

Observation State Representation (OSR) corrections from a base (reference) station with

known coordinates to refine the position calculations. This result is achieved by computing

the differences between the observed code and phase measurements obtained by the receiver

and those made at a nearby pre-surveyed location. By doing so, errors inherent in GNSS,

such as satellite orbit and clock errors, as well as atmospheric delays, can be minimized or

calibrated.

Between receiver differencing (single-differencing)

Assume that the same satellite is observed simultaneously from two different receivers. The

measured pseudorange and carrier-phase measurements from the base station (b) and user
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station (u) can be expressed as (Noureldin et al., 2012; Teunissen and Montenbruck, 2017):

P s
b,i = ρs

b + c (dtrb − dts) + γiI
s
rb,1 +M s

rbTrb + brb,Pi
− bs

Pi
+ εPb,i

P s
u,i = ρs

u + c (dtru − dts) + γiI
s
ru,1 +M s

ruTru + bru,Pi − bs
Pi

+ εPu,i

Ls
b,i = ρs

b + c (dtrb − dts) − γiI
s
rb,1 +M s

rbTrb + λi

(
N s

b,i + brb,Li
− bs

Li

)
+ εLb,i

Ls
u,i = ρs

u + c (dtru − dts) − γiI
s
ru,1 +M s

ruTru + λi

(
N s

u,i + bru,Li − bs
Li

)
+ εLu,i

(2.3)

By differencing the measurements from two receivers, the observation equations can be

rewritten as:

∆P s
bu,i = P s

b,i − P s
u,i = ∆ρs

bu + c(∆dtr,bu) + γi∆Is
bu,1 + ∆Tbu + ∆brbu,Pi + ∆εPbu,i

∆Ls
bu,i = Ls

b,i − Ls
u,i = ∆ρs

bu + c(∆dtr,bu) − γi∆Is
bu,1 + ∆Tbu + λi(∆N s

bu,i + ∆brbu,Li) + ∆εLbu,i

(2.4)

where ∆ stands for the single-differencing between base (b) and user (u) stations. Notably,

this method can eliminate the satellite clock offset and satellite equipment biases.

Real-Time Kinematic

In a single-difference setup, the receiver clock offset and the ambiguity parameters are

highly correlated. To accurately estimate the ambiguity, double-differencing observations

can be formed by applying the between receiver differencing and between satellite differ-

ence methods by selecting a reference satellite (k). The double-differenced code and phase

measurements can be expressed as (Noureldin et al., 2012; Teunissen and Montenbruck,

2017):

∇∆P jk
bu = ∇∆ρjk

bu + γi∇∆Ijk
bu,1 + ∇∆T jk

bu + ∇∆εjk
P i,bu

∇∆Ljk
bu = ∇∆ρjk

bu − γi∇∆Ijk
bu,1 + ∇∆T jk

bu + λi∇∆N jk
bu,i + ∇∆εjk

Li,bu

(2.5)

where the subscript bu represents the single-differencing between the user rover and base

station, and superscript jk represents the double-differencing between the reference satellite

k and satellite j. By applying double-differencing to the observations, common errors such

as satellite orbit and clock errors, receiver clock offset, and hardware delays are effectively
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eliminated. Additionally, tropospheric and ionospheric errors can be neglected if the base

station is within approximately 10 km from the rover. This results in more reliable, accurate,

and robust positioning solutions, making the system less susceptible to common sources

of error inherent in GNSS measurements. Real-Time Kinematic (RTK) is a positioning

technique that can achieve decimetre-to-centimetre level positioning accuracy in real-time

over moving baselines using the double-differencing method.

2.2.3 Precise Point Positioning

PPP is an advanced point positioning technique that utilizes pseudorange and carrier-phase

observations, coupled with State Space Representation (SSR) corrections obtained from IGS

analysis centres or GNSS satellites, to achieve positioning accuracy ranging from decimetres

to sub-centimetres with geodetic receivers (Zumberge et al., 1997; Kouba and Héroux, 2001),

and the convergence rate and time vary with the specific PPP methods used. Both static

and kinematic data processing can be conducted using PPP, either in post-processing or

real-time mode (Gao and Chen, 2004; Chen and Gao, 2005). Compared to SPP techniques,

PPP utilizes precise satellite corrections to effectively mitigate errors induced by satellite

orbit and clock errors present in broadcast ephemeris data. Additionally, PPP incorporates

precise calibration and estimation of various error sources as mentioned in Section 2.1,

including antenna corrections and site displacements, thereby further enhancing accuracy.

Moreover, PPP leverages additional carrier-phase measurements in its processing, utilizing

a sequential least squares filter to exploit previous information. These combined strategies

elevate PPP solutions to a significantly higher level of accuracy compared to SPP techniques.

Both PPP and RTK or Network RTK (NRTK) techniques are advanced satellite po-

sitioning techniques and have been widely accepted in mass-market applications. Here are

some advantages of PPP compared to RTK:

1. Service range: PPP can provide high-accuracy positioning globally without the need

for a local reference station (network). This makes PPP particularly advantageous in

remote or global applications where establishing and maintaining an RTK reference

network may be impractical or costly.
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2. Cost-effective: PPP typically requires only one receiver and access to precise correction

products for positioning, making it a more economical choice compared to setting

up and maintaining an RTK network, which can be costly, especially in remote or

inaccessible areas.

3. Improved reliability and availability: PPP is less susceptible to outages, spoofing, and

jamming caused by local factors such as signal blockages or interference from the base

station.

However, PPP often requires a longer convergence time compared to RTK, especially

when starting from a cold or ambiguous state, as it needs to estimate additional parameters

such as ionospheric and tropospheric delays. Thus, it is important to note that both PPP

and RTK have their own limitations and considerations. The choice between them depends

on factors such as the specific requirements of the application, cost considerations, and the

availability of infrastructure. The subsequent sections introduce the common combinations

of measurements and adjustment models utilized in PPP processing. Figure 2.1 illustrates

the simple working principles and differences between RTK and PPP.

Figure 2.1: Comparison of PPP and RTK working principles
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Ionospheric-free PPP

In traditional PPP, the ionospheric-free (IF) combination of observations is utilized to mit-

igate the first-order ionospheric effect, which constitutes a significant error source in PPP

estimation (Bisnath et al., 2009; Cai et al., 2007). Consequently, the estimated receiver clock

errors become intertwined with receiver equipment biases, as depicted in Equation (2.6).

P s
r,IF = ρs

r + (cdtr + br,PIF
) −

(
dts + bs

PIF

)
+M s

rTr + εPIF

Ls
r,IF = ρs

r + (cdtr + br,PIF
) −

(
dts + bs

PIF

)
+M s

rTr + λIFN s
IF + εLIF

(2.6)

where PIF and LIF represent the ionosphere-free code and carrier-phase measurements,

respectively; the IF combination of receiver and satellite biases are denoted as br,IF and

bs
IF . Additionally, N s

IF signifies the biased ionosphere-free ambiguity, which includes the

real IF ambiguity N s
IF and the IF code and phase biases.

br,IF = f2
1

f2
1 − f2

2
br,1 − f2

2
f2

1 − f2
2
br,2

bs
IF = f2

1
f2

1 − f2
2
bs

1 − f2
2

f2
1 − f2

2
bs

2

N s
IF = N s

IF + (br,LIF
− br,PIF

) −
(
bs

LlF
− bs

PIF

)
(2.7)

Undifferenced and uncombined PPP with ionospheric-free products

PPP relies on the utilization of precise satellite corrections derived from a global net-

work of stations, and most precise products from analysis centres such as Centre National

d’Etudes Spatiales (CNES) and GeoForschungsZentrum (GFZ) are computed based on the

ionospheric-free combination. To effectively leverage these precise products in PPP process-

ing, the traditional UDUC PPP in dual-frequency mode can be reformulated as follows (Li
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et al., 2013; Xiang et al., 2017):

P s
r,1 = ρs

r + (cdtr + br,PIF
) −

(
dts + bs

PIF

)
+ γ1Is

r,1 +M s
rTr + εPi

P s
r,2 = ρs

r + (cdtr + br,PIF
) −

(
dts + bs

PIF

)
+ γ2Is

r,1 +M s
rTr + εPi

Ls
r,1 = ρs

r + (cdtr + br,PIF
) −

(
dts + bs

PIF

)
− γ1Is

r,1 +M s
rTr + λ1N s

1 + εPi

Ls
r,2 = ρs

r + (cdtr + br,PIF
) −

(
dts + bs

PIF

)
− γ2Is

r,1 +M s
rTr + λ2N s

2 + εPi

(2.8)

In Equation (2.8), the term dts + bs
PIF

denotes the precise satellite clock corrections derived

from the ionospheric-free combination. It is worth noting that the estimated receiver clock

offset is interrelated with the receiver biases in the IF combination. Is
r,1 represents the

estimated ionospheric delay on the first frequency, and it is grouped with the receiver DCB

for each satellite. The effect of the satellite DCB can be mitigated using the satellite code

bias products.

Is
r,1 = Is

r,1 − f2
2

f2
1 − f2

2
(br,P1 − br,P2) + f2

2
f2

1 − f2
2

(
bs

P1 − bs
P2

)
DCBP 1P 2 = bP1 − bP2

(2.9)

Adjustment model

The sequential least-square filter is utilized in the PPP processing, and the iterated solution

x is obtained from:

x = x0 + ∆x (2.10)

In Equation (2.10), x0 denotes the a priori estimate, and the correction vector ∆x for

unknown estimates can be represented as:

∆x = [δPx,y,z δdtr δT s
r δIs

r N s] (2.11)

where δPx,y,z represent the position corrections in Earth-Centred Earth-Fixed (ECEF)

coordinate system, such as the World Geodetic System 1984 (WGS84) and International

Terrestrial Reference Frame (ITRF); δIs
r and δT s

r are corrections to the ionospheric and
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tropospheric delays, respectively; δdtr is the receiver clock offset correction and N s comprise

float ambiguities for each satellite. ∆x can be estimated through:

∆x =
(
HT PlH + Px

)−1
HT PlW (2.12)

where H is the design matrix and W is the misclosure matrix; Pl and Px represent the

observation weight matrix and process noise matrix, respectively. The design matrix H

consists of the partial derivatives of the observation equations with respect to x and can be

expressed as:

H =



e1
x e1

y e1
z 1 mf1 γ1 · · · 0 0 · · · 0 0 · · · 0

e1
x e1

y e1
z 1 mf1 −γ1 · · · 0 0 · · · 0 λ1 · · · 0

...
...

...
...

...
...

...
...

...
...

...
...

...

eg
x eg

y eg
z 1 mfg 0 · · · γ5 0 · · · 0 0 · · · 0

eg
x eg

y eg
z 1 mfg 0 · · · −γ5 0 · · · 0 0 · · · λ5


(2.13)

ex, ey, and ez are line-of-sight unit direction vectors from satellite to receiver. mf represents

the wet mapping function of the tropospheric delay. The measurement precision ratio for

phase to code is set to 100:1.

2.3 GNSS/IMU integration

An inertial measurement unit (IMU) is a device designed to measure and report specific force

(acceleration) and angular rate (angular velocity) relative to a reference frame. Typically, an

IMU comprises orthogonal triads of accelerometers and gyroscopes to measure 3-dimensional

(3D) linear acceleration and angular velocity, respectively. This information enables the

determination of the orientation, velocity, and position of a moving object within an inertial

navigation system (INS). Unlike GNSS, an IMU operates independently of external signals,

making it suitable for environments where satellite signals may be obstructed or unavailable,

such as indoors, underground, or underwater. The high sampling rate (typically exceeding
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100 Hz) and low latency of IMU measurements enable precise tracking of dynamic motions

with high temporal resolution.

However, IMUs are prone to accumulated errors over time, primarily due to the drifts

of accelerations and angular rates to determine orientation, velocity, and position. Those

errors, including IMU biases, scale factor errors, cross-coupling errors, etc., can accumulate

rapidly and lead to significant position errors over extended periods, especially in long-term

navigation. Additionally, IMUs solely offer relative motion measurements, lacking absolute

positioning information referenced to global coordinates. Therefore, GNSS/IMU integration

has gained popularity for combining the strengths of both technologies to overcome their in-

dividual limitations. This integration leads to improved accuracy, robustness, and reliability

of positioning solutions, making it the preferred choice for a wide range of navigation and

positioning applications. This section primarily delves into the methodologies encompassing

IMU initialization and alignment, IMU mechanization, and the tightly-coupled PPP/IMU

model.

2.3.1 IMU initialization and alignment

An IMU computes its navigation result by integrating the measurements from its inertial

sensors. In other words, each iteration for position, velocity, and attitude calculation relies

on the previous navigation parameters as initial values. Therefore, the navigation solution

must be initialized before the IMU device can operate effectively.

Position and velocity initialization

Inertial navigation is a self-contained navigation technique in which measurements provided

by accelerometers and gyroscopes are utilized and integrated to calculate the relative navi-

gation solutions. However, an IMU cannot offer the user the absolute position and velocity

information which needs to be provided externally.

In the GNSS/IMU integration system, initial position information can be obtained from

the GNSS receiver. Alternatively, if the IMU system is placed near a pre-surveyed point

with known landmarks, its initial position can be determined. Velocity can be estimated
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and initialized by assuming its value to be zero if the IMU is stationary with respect to the

Earth. Additionally, another navigation system, such as GNSS, can be used as a reference

for the initial velocity.

Attitude alignment

Though an IMU can determine its position and velocity using external information, the

directions of its measured acceleration and angular rates in the navigation system cannot

be determined initially. The process of initializing the attitude is called alignment, which in-

volves aligning the attitude of the body navigation system (b-system) to the local navigation

system (n-system) in the East-North-Up direction.

Typically, the self-alignment of the IMU can be performed when stationary. In essence,

the gravity and Earth rotation vectors in the local coordinate system can be represented as

(Groves, 2013):

gn =


0

0

−g

 , ωn
ie =


0

ω cosL

ω sinL

 =


0

ωN

ωU

 (2.14)

where g and ω represent the gravity and Earth’s rotation rate, L represents the latitude.

According to the specific force equation, the local frame acceleration can be estimated as:

v̇n = Cn
b f b − (2ωn

ie + ωn
en) × vn + gn (2.15)

since (2ωn
ie + ωn

en) × vn is 0 and can be neglected in the stationary mode, Equation (2.15)

can be simplified as:

f b = Cb
n (−gn) (2.16)

where f b is the specific force measured in the body coordinate system, and Cb
n represents

the Direction Cosine Matrix that can convert the local navigation coordinate system to the
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body system and can be defined as:

Cb
n =


cos(θ)cos(ψ) cos(θ)sin(ψ) −sin(θ)

−cos(ϕ)sin(ψ) + sin(ϕ)sin(θ)cos(ψ) cos(ϕ)cos(ψ) + sin(ϕ)sin(θ)sin(ψ) sin(ϕ)cos(θ)

sin(ϕ)sin(ψ) + cos(ϕ)sin(θ)cos(ψ) −sin(ϕ)cos(ψ) + cos(ϕ)sin(θ)sin(ψ) cos(θ)cos(ϕ)


(2.17)

Obviously, Cb
n comprises three attitude components, namely heading (ψ), pitch (θ),

and roll (ϕ). By combining Equation (2.16) and Equation (2.17), the pitch and roll can be

resolved without knowledge of gravity as:

f b =


f b

x

f b
y

f b
z

 =


−sin(θ) · g

sin(ϕ)cos(θ) · g

cos(θ)cos(ϕ) · g


yields−−−−→

 θ = − arctan
(
f b

x/
√
f b2

y + f b2
z

)
ϕ = arctan

(
f b

y/f
b
z

) (2.18)

Since self-alignment of heading requires at least the tactical or higher grade of IMUs to

measure Earth’s rotation rate, it is not possible to successfully achieve the gyro-compassing

based on smartphone gyros and even the tactical grade of the MEMS IMUs. Therefore,

these systems are most often equipped with magnetometers (compass) to determine a coarse

magnetic heading. This research utilizes the GNSS trajectory to estimate and initialize the

heading. Assuming the tested vehicle is traveling in a straight line and its travel direction

coincides with the vehicle-body-frame x direction, the heading can be roughly determined

as:

ψ = arctan (vE/vN ) (2.19)

where the vE and vN are the GNSS estimated east and north velocities in the local coordi-

nate system.

2.3.2 IMU mechanization

IMUs provide accelerometer and gyroscope readings in terms of specific force vector f b
ib and

angular rate vector ωb
ib between timestamp t0 and t0 + τi. Here, the index i denotes that the

IMU measurements are made relative to the inertial frame of the object, where an object
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is always stationary in its own inertial frame. In this context, the inertial frame refers to

the Earth-centered inertial (ECI) frame. In the ECI frame, the origin is positioned at the

Earth’s center. The x-axis aligns with the vernal equinox, the y-axis lies within the plane

formed by the vernal equinox and the Earth’s orbit, and the z-axis completes the right-

handed coordinate system. It is worth mentioning that most of the equations used in this

section are referenced from Noureldin et al. (2012) and Groves (2013).

The specific force in the inertial frame is given as:

f i = ai − ḡi (2.20)

where f is the specific force vector, a is the acceleration vector of the body, and ḡ represents

the gravity accelerations, and the superscript i denotes the inertial frame. Since a can be

represented as the second derivative of the position vector r measured from the origin of

the inertial frame to the moving platform, the second-order differential equations can be

transformed into first-order differential equations as follows:

ṙi = vi

vi = f i + ḡi
(2.21)

Assuming that the body frame coincides with the sensor triad frame (which is usually

the case to eliminate further transformation), these measurements can be transformed into

the inertial frame using the transformation matrix Ci
b between the body frame and the

inertial frame:

f i = Ci
bf b (2.22)

with the rate of change of a transformation matrix:

Ċi
b = Ci

bΩb
ib (2.23)
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where Ωb
ib represents the skew-symmetric matrix form of the vector of angular velocities,

ωb
ib is the angular rate of the body frame relative to the inertial frame, expressed in the

body frame, directly obtained from gyroscopes. Ωb
ib can be mathematically represented as:

ωb
ib =


ωx

ωy

ωz


yields−−−−→ Ωb

ib =


0 −ωz ωy

ωz 0 −ωx

−ωy ωx 0

 (2.24)

To sum up, the mechanization equation for the i-frame can therefore be summarized as:


ṙi

v̇i

Ċi
b

 =


vi

Ci
bf b + Ci

eḡe

Ci
bΩb

ib

 (2.25)

Correspondingly, the mechanization equation in the e-frame (ECEF) can be represented

as: 
ṙe

v̇e

Ċe
b

 =


ve

Ce
bf b − 2Ωe

ieve + ḡe

Ce
b

(
Ωb

ie + Ωb
ib

)

 (2.26)

Mechanization solutions consist of a series of physical equations used to derive relative

attitude, velocity, and position changes based on IMU readings, also known as the IMU

dead reckoning solution. In GNSS/IMU tightly-coupled integration, these equations pro-

vide solutions between GNSS observations and serve as state predictions. Generally, IMU

mechanization can be divided into four steps: 1) attitude update, 2) specific force resolving,

3) velocity update, and 4) position update. These steps are briefly discussed in the following

sections.

Attitude update

Attitude update matrices are represented as Cb−
b+ to represent the change in body frame

between consecutive epochs from the end of the navigation processing epoch (+) to the
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beginning of the navigation epoch (-). Cb−
b+ can be computed by assuming a constant angular

rate between each epoch, in terms of attitude increment αb
ib ≈ ωb

ibτimu:

Cb−
b+ = C

b(t)
b(t+τimu) = exp

[
αb

ib ×
]

=
∑∞

r=0

[
αb

ib×]
r

r! (2.27)

where × represents the cross product. Expanding the equation by using skew-symmetric

identity gives:

Cb−
b+ = I3 +

sin
∣∣∣αb

ib

∣∣∣∣∣αb
ib

∣∣ [
αb

ib×
]

+
1 − cos

∣∣∣αb
ib

∣∣∣∣∣αb
ib

∣∣2 [
αb

ib×
]2

(2.28)

In practical scenarios, αb
ib may sometimes become very small, leading to potential

division-by-zero errors. To mitigate this issue, a fourth-order approximation is employed

if the program detects that αb
ib is too small in magnitude:

Cb−
b+ ≈ I3 +

1 −

∣∣∣αb
ib

∣∣∣2
6

[αb
ib×
]

+

1
2 −

∣∣∣αb
ib

∣∣∣2
24

[αb
ib×
]2
. (2.29)

Therefore, the updated attitude Ce
b(+) is given by subtracting the computed attitude

change against earth rotation rate ωe
ie:

Ce
b(+) =


cosωieτimu sinωieτimu 0

− sinωieτimu − cosωieτimu 0

0 0 1

Ce
b(−)Cb−

b+ (2.30)

Specific-force transformation

Since the IMU provides an average of the specific force measured between epochs, the

measured specific force f b
ib can be transformed into accelerations in ECEF coordinates by

assuming an average transformation matrix Ce
b during the time interval:

f e
ib = Ce

bf b
ib, (2.31)
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with

Ce
b = Ce

b(−)Cb−
b̄

− 1
2Ωe

ieCe
b(−)τimu ≈ Ce

b(−) − 1
2Ωe

ieCe
b(−)τimu (2.32)

where Cb−
b̄

represent the average attitude update matrix in the b-frame, expressed as:

Cb−
b̄

= I3 +
1 − cos

∣∣∣αb
ib

∣∣∣∣∣αb
ib

∣∣2 [
αb

ib×
]

+ 1∣∣αb
ib

∣∣2
(

1 − sin | αb
ib∣∣αb

ib

∣∣
) [

αb
ib×
]2
. (2.33)

Velocity update

As described in equation 2.26, the time derivative of ECEF velocity ve
eb can be expressed

as:

v̇e
eb = f e

ib − 2Ωe
ieve

eb + ge. (2.34)

where f e
ib is obtained from specific-force transformation, and ge is the local gravity vector

in ECEF frame. The integrated velocity ve
eb(+) is expressed as:

ve
eb(+) ≈ ve

eb(−) + (f e
ib + ge) − 2Ωe

ieve
eb(−)) τimu (2.35)

Position update

After updating the velocity vector ve
eb(+), the position estimated by the IMU mechaniza-

tion Pe
eb(+) can be obtained through simple integration of a constant acceleration model,

leveraging the high update rate of IMU measurements. This can be represented as:

Pe
eb(+) = Pe

eb(−) + 1
2 [ve

eb(−) + ve
eb(+)] τimu (2.36)

The IMU mechanization process is illustrated in Figure 2.2. The specific force f i from the

accelerometers and the angular rate ωb
ib from the gyroscopes are initially provided in the b-

frame. These measurements are then transformed into the e-frame using the transformation

matrix Ce
b. Following gravity compensation (WGS84 model with sub-microGal precision),

Earth rotation computation, and bias corrections, the time integration steps, as described in
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the preceding sections, yield the current position, velocity, and attitude based on previous

information.

Figure 2.2: Working principles of IMU mechanization

2.3.3 Tightly-coupled PPP/IMU integration

The tightly-coupled PPP/IMU integration solution is obtained using the EKF. The EKF

is a non-linear version of the Kalman Filter, which is capable of handling non-linear state

estimation problems. The system and measurement models of a discrete EKF system are

given as:

xk|k−1 = Fkx̂k−1|k−1 + wk−1

zk = Hkxk + vk

(2.37)

The state vector xk|k−1 at current epoch k can be predicted based on the optimal update

state vector x̂k−1|k−1 and transition matrix F at the previous epoch k− 1. w and v denote

the process noise and measurement noise, respectively, assumed to follow a Gaussian distri-

bution with corresponding covariance matrix Q and R. H is the design matrix described in

Equation (2.13), and error measurement vector z is defined as the differences between the
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observed GNSS pseudorange/carrier-phase measurements and the IMU modelled values.:

z =


ρi

GNSS − ρi
IMU

Li
GNSS − Li

IMU

...

 (2.38)

Compared to the PPP error state vector listed in Equation (2.11), the PPP/IMU state

vector is expanded as:

xP P P/IMU = [δPx,y,z δVx,y,z δAx,y,z δdtr δT s
r δIs

r N s Ba
x,y,z Bg

x,y,z] (2.39)

where δVx,y,z and δAx,y,z are velocity and attitude error vectors, respectively. Ba and Bg

are the accelerometer bias and the gyroscope bias vectors, respectively. Other IMU-related

errors such as accelerometer scale factor and cross-coupling errors are not estimated in the

EKF states since their impact on smartphone applications is limited with appropriate bias

estimation (Groves, 2013). Given that the previous sections have comprehensively intro-

duced GNSS-related states, this section primarily focuses on the IMU-related state vector,

which can be expressed as:

xIMU = [δPx,y,z δVx,y,z δAx,y,z Ba
x,y,z Bg

x,y,z] (2.40)

Correspondingly, the transition matrix F for ∆xIMU in ECEF-frame is:

Fe
IMU ≈



I3 I3τGNSS 03 03 03

Fe
23τGNSS I3 − 2Ωe

ieτGNSS Fe
21τGNSS Ce

bτGNSS 03

03 03 I3 − Ωe
ieτGNSS 03 Ce

bτGNSS

03 03 03 I3 03

03 03 03 03 I3


(2.41)

where τGNSS refers to the GNSS time interval, and parameters F21 and F23 are IMU-related

parameters explained in (Groves, 2013).
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Subsequently, the predicted state covariance matrix Pk|k−1 can be expressed as:

Pk|k−1 = FkPk−1|k−1F⊤
k + Qk (2.42)

where Pk−1|k−1 stands for the updated state covariance matrix from epoch k − 1, the

IMU-related process noise is assumed to be white noise, following a random process with a

time-constant and frequency-independent spectral density.The autocorrelation function of

a white noise process w can be expressed as (Groves, 2013):

Rw (t1, t2) = E [w (t1) w (t2)] = PSDf1
w δ (t1 − t2) , (2.43)

where PSDf1
w is the single-sided Power Spectral Density (PSD). δ(t) is a Dirac delta function,

and Rw is zero when t1 ̸= t2. Considering that the IMU-related covariance matrix QIMU is

obtained by integrating the PSD of these noise sources over the propagation time interval,

the detailed explanations can be seen in Groves (2013) and QIMU can be approximated to:

QIMU ≈



Px,p 03 03 03 03

03 PSDa,nI3 03 03 03

03 03 PSDg,nI3 03 03

03 03 03 PSDa,dbI3 03

03 03 03 03 PSDg,dbI3


τGNSS (2.44)

where Px,p is the process noise for the position vector; PSDa,n and PSDg,n represent the

PSD for accelerometer and gyro noises, respectively; PSDa,db and PSDg,db represent the

PSD for accelerometer and gyro dynamic biases, respectively.

Then, the innovation (pre-fit residual) covariance S and optimal Kalman gain K can be

expreesed as:
Sk = HkPk|k−1H⊤

k + Rk

Kk = Pk|k−1H⊤
k S−1

k

(2.45)
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Finally, the updated state vector x̂k|k and its covariance Pk|k can be calculated as:

x̂k|k = x̂k|k−1 + Kk(zk − Hkx̂k|k−1)

Pk|k = (I − KkHk) Pk|k−1

(2.46)

To sum up, Figure 2.3 demonstrates the design of the tightly-coupled PPP/IMU EKF

based on a conventional closed-loop model. The raw measurements conditioned through

pre-processing are fed into the mechanization equations to produce an IMU-only solution.

Once the next GNSS observation set becomes available, the GNSS-PPP/IMU EKF runs to

produce a solution. Finally, the bias estimates for accelerometers and gyroscopes are fed

back to the IMU data reading in the closed-loop feedback approach for the next epoch. The

feedback is additive to the raw f b
ib and ωb

ib inputs.

Figure 2.3: Schematic of the tightly-coupled EKF in processing engine

2.4 Overview of smartphone processing software

To enable sensor fusion processing for GNSS and IMU sensors on smartphones in real-world

driving scenarios, a wider research project with the York GNSS Laboratory developed a

smartphone-specific, scalable, and modular GNSS/IMU C++ processor called "Jaqen". The

aim is for this software to exhibit the resilience and reliability of the character Jaqen H’ghar

from the novel series "A Song of Ice and Fire", providing users with dependable and accu-

rate positioning solutions. Jaqen can be debugged and released in Integrated Development

Environments such as Windows Visual Studio and Linux Visual Studio Code. Our software
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implementation strives to showcase high position accuracy, ensuring that smartphone po-

sitioning solutions achieve a success rate of 100% in open sky areas, with 95% of points

having an accuracy within 1.5 m horizontally. In moderately urban areas, Jaqen targets

more than 80% of points having an accuracy within 1.5 m horizontally.

The research scope includes the development and evaluation of two software packages

within Jaqen: fused RTK GNSS package + IMU and fused PPP GNSS + IMU package.

These packages feature robust algorithms for GNSS and IMU measurement pre- and post-

processing, GNSS and IMU bias estimation and mitigation, GNSS carrier-phase cycle-slip

detection, and multipath mitigation. Extensive testing has been conducted in laboratory

settings and urban environments using various smartphones, GNSS chipsets, IMU chipsets,

and antennas. These tests evaluate standard positioning performance metrics and compare

them to other smartphones, professional-grade antennas, GNSS receivers, and IMUs, as well

as low-cost alternatives. The basic structure of Jaqen’s implementation was completed over

two years, from 2021 to 2023. The implementation plan was structured into four phases,

each designed to achieve specific milestones and objectives, as illustrated in Figure 2.4.

Figure 2.4: Jaqen implementation roadmap

The description and objectives of each phase can be summarized as follows:
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Phase 1: Core RTK GNSS + IMU C++ code (simulated real-time processing).

• Objective: Develop core multi-GNSS single baseline float, and when possible, fixed

RTK processing engine with the Sequential Least Squares (SLS) and Extended Kalman

Filter (EKF) estimators. Expand to fuse IMU sensors in a tightly-coupled EKF archi-

tecture. The equations of the SLS estimator are the same as the EKF when the state

transition matrix is identity and the process noise covariance matrix is zero. There-

fore, the key difference between SLS and EKF is how measurements are processed

with their a prior information, and SLS can be seen as a particular case of the EKF

without state prediction.

Phase 2: Vehicle field-testing, parameters tuning, and performance evaluation of RTK

GNSS + IMU C++ code.

• Objective: Evaluate the RTK GNSS + IMU integrated solution using real-world

smartphone data collected from rural, suburban, and urban environments. Compare

these results with other smartphone GNSS measurements and assess the performance

against both professional-grade and low-cost hardware. Customize the pre- and post-

processing algorithms and optimize the estimator software for the smartphone GNSS

and IMU data. Conduct a comprehensive analysis to fully characterize the positioning

performance.

Phase 3: Core PPP GNSS + IMU C++ code (simulated real-time processing).

• Objective: Develop a core multi-GNSS PPP processing engine utilizing the SLS

and EKF estimators, leveraging the existing RTK code structure as a foundation.

Subsequently, extend this framework to incorporate IMU sensor fusion capabilities.

Phase 4: Vehicle field-testing, parameters tuning, and performance evaluation of PPP

GNSS + IMU C++ code.

• Objective: Phase 4 mirrors Phase 2 in structure, focusing on evaluating the PPP

GNSS + IMU integrated solution using real-world smartphone data across diverse
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multipath profiles. Additionally, it involves research and development of advanced

algorithms aimed at enhancing traditional PPP algorithms for greater robustness and

accuracy for smartphone applications.

Regarding the Jaqen coding domain, it is a simulated real-time smartphone processing

toolkit comprising over 17,000 valid lines of C++ code, along with a corresponding Python

analyst tool for solution assessment and performance visualization. Jaqen references from

software processors such as York GNSS PPP engine, Natural Resources Canada (NRCan)

PPP online service, RTKlib, and goGPS (Takasu et al., 2013; Aggrey, 2014; Herrera et al.,

2016), a total of 14 solution projects are integrated into Jaqen, incorporating five main pro-

cessing modules that contribute to the final navigation solutions. As illustrated in Figure

2.5, Jaqen utilizes the Configuration Controller to manage all input files, including GNSS

and IMU measurements, precise satellite products, International GNSS Service (IGS) an-

tenna correction files, as well as filter settings such as positioning modes, weighting schemes,

rejection thresholds for pre- and post-fit residuals, and more. These configurations are then

input into the Jaqen processing hub, which comprises three processing modules: the GNSS

Handler, Correction Controller, and IMU Handler.

Following this, Jaqen automatically identifies the processing modes and processed con-

stellations to apply error corrections. For RTK, this involves techniques like double-differencing,

while for PPP, it includes modelling errors such as tropospheric hydrostatic delay, relativis-

tic effects, site displacement, among others. Once the corresponding matrices, such as the

design matrix, weight matrix, misclosure matrix, etc., are configured for both GNSS and

IMU components, the processing hub automatically employs SLS or EKF to generate posi-

tioning solutions. Once the filtering quality checks, such as the IMU mechanization sanity

check and pre- and post-fit residual rejections, are successfully completed, the Jaqen Out-

put Handler produces output files. These files contain estimated parameters, processing

parameters, solution quality indexes, as well as GNSS and IMU information, which are

then provided to the user end.
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Figure 2.5: Architecture of Jaqen smartphone processing

2.5 Experimental setup and measurement campaigns

To evaluate the performance of the Jaqen processing toolkit and explore the proposed

dissertation algorithms for smartphone positioning, this research utilized various grades of

GNSS and IMU hardware during the measurement campaign. As shown in Figure 2.6, this

research selected the NovAtel OEM7 as a representative of geodetic-grade GNSS receivers,

while the SwiftNav Piksi and Septentrio Mosaic X5 were chosen as representatives for low-

cost GNSS receivers. Similar experimental setups and measurement campaigns have been
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explained in previous studies (Vana et al., 2019; Aggrey et al., 2020; Shinghal and Bisnath,

2021).

Figure 2.6: Three grades of experimental hardware

Additionally, smartphones equipped with BCM47755 GNSS chipsets, such as the Xi-

aomi MI 8 and Samsung Galaxy S21+, were employed for experiments. Both smartphones

support tracking of GPS, GLONASS, Galileo, and BeiDou (GREC) constellations, in addi-

tion to GPS L5 and Galileo E5a signals. The relevant characteristics of these receivers are

highlighted in Table 2.1.

Table 2.1: Comparison between different GNSS receivers

Receivers Price (USD) Tracked GNSS Dual-frequency Triple-frequency
NovAtel OEM7 ∼10,000 GREC Yes Yes

Septentrio Mosaic X5 ∼1,000 GREC Yes No
Xiaomi MI 8
(BCM47755) ∼10 GREC Yes (GE only) No

G: GPS, R: GLONASS, E: GALILEO, C: BEIDOU

The smartphones are equipped with consumer-grade inertial sensors. Their factory speci-

fications are detailed in Table 2.2 in comparison with the automotive/industrial-grade Xsens

MTi-7 example used alongside. The former class of inertial sensors usually cost less than 10

USD, whereas the latter class can cost up to 1000 USD. The specifications show a generally

weaker performance of smartphone IMUs. Traditionally, it is expected that GNSS-denied

navigation outages using an automotive/industrial grade IMU will be less than one minute.
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By extension, smartphone IMUs should fill shorter GNSS-denied navigation outage periods.

For the IMU model in Galaxy S21+, in-run bias is not found in the factory datasheet or in

the literature.

Table 2.2: Factory specifications of the inertial sensors used in experiment (Yan et al., 2020)

Phone Models Xiaomi MI 8 Samsung Galaxy S21+ Xsens MTi-7
IMU Model InvenSense ICM-20690 ST-Microelctronics LSM6DSO N/A

Gyroscope
In-run bias stability (°/h) >1000 - 10

Noise density (°/s/
√

Hz) 0.004 0.004 0.003

Standard full range (±°/s ) 2000 2000 2000

Accelerometer
In-run bias stability (mg) 40 - 0.03

Noise density (µg/
√

Hz) 100 110 70

Standard full range (±g) 16 16 16

2.5.1 Static experiments

The static experiment was carried out on the roof of the Petrie Science and Engineering

building at York University Toronto, Canada with the smartphone placed on a brick for 3

hours (see Figure 2.7).

Figure 2.7: Static experiment setup with (A) NovAtel OEM7 and SwiftNav Piksi receivers,
(B) SwiftNav antenna, and (C) Xiaomi MI 8

49



The NovAtel OEM7 and SwiftNav Piksi receivers (A) were set up and connected to

the same geodetic antenna (B) through an antenna splitter. The NovAtel OEM7 few metre

baseline RTK result processed by the commercial software Inertial Explorer represents the

ground truth, and the horizontal and vertical distance between the SwiftNav antenna phase

centre and Xiaomi MI 8 (C) had been taken into consideration.

2.5.2 Kinematic experiments

In assessing the performance of proposed algorithms and the processing toolkit for smart-

phone positioning in real-world driving environments, a series of vehicle experiments were

conducted around York University, Toronto, Canada. The term "real-world driving envi-

ronments" refers to conducting vehicle experiments in realistic settings, with smartphones

mounted on the vehicle dashboard to replicate typical driving conditions and differentiate

this work from previous studies, many of which have focused on walking experiments, simu-

lated vehicle scenarios, or experiments involving smartphones mounted on vehicle rooftops.

The experimental setup is illustrated in Figure 2.8.

Figure 2.8: Experimental setup with smartphones and geodetic receivers: smartphone GNSS
observations are retrieved from Geo++ RINEX Logger and processed with YorkPPP engine;
NovAtel SPAN RTK/TC solutions are served as the reference
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Figure 2.9 highlights the street view of one of the vehicle trajectories, with yellow arrows

indicating the direction of movement. Additionally, a geofencing map is created to evaluate

the positioning performance and analyze the raw measurements under different multipath

profiles. The driving environments are classified into four categories: open-sky highways (A),

vegetation (B), suburban roads (C), and overpasses (D). These categories are represented

by purple, green, yellow, and pink polygons, respectively. It is also worth noting that the

overpasses consist of two distinct areas, D1 corresponds to a short road passing under a

railway bridge that spans approximately 10 m, while D2 represents an arterial road located

beneath a highway viaduct, which is a more challenging area with a complete GNSS outage

that extends over 100 m.

Figure 2.9: Street views of geofencing map with A) open-sky highways, B) vegetation, C)
suburban roads, and D) overpasses

A combination of geodetic and automotive-grade GNSS and IMU sensors is employed

to generate a reference positioning solution and compare raw measurements. These sensors

are mounted on and inside a box placed on top of the vehicle. A NovAtel SPAN geodetic

receiver with an IMU combination and a geodetic antenna are utilized, while a NovAtel base

station is positioned on an open rooftop within a 5 km baseline to produce a post-processed,

smoothed RTK/IMU tightly-coupled reference solution processed by the Inertial Explorer
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software. Additionally, an Xsens MTi-7 automotive-grade IMU is used to offer a low-cost

inertial sensor alternative to smartphone IMUs.

Smartphones Xiaomi Mi 8 and Samsung Galaxy S21+ were utilized in the kinematic

experiments as well. The GnssLogger (Google) and Geo++ Rinex Logger (Geo++) apps

are used concurrently to log raw IMU measurements and GNSS observations, respectively.

In the initial stages of the research (2022 to 2021), the smartphones were affixed to the

roof of the vehicle to ensure relatively strong GNSS signal reception with fewer blockages.

As the research progressed (from 2022 to the present), this research transitioned to mount-

ing the phones on the dashboard instead of the vehicle roof. This adjustment aimed to

replicate real-world driving conditions, which present more challenging environments for

smartphone positioning. Within the vehicle, GNSS signals experience significant refraction

and blockages, imposing greater demands on our positioning algorithm.
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Chapter 3

Ionospheric constraints in geodetic,
low-cost, and smartphone PPP
processing

The proliferation of low-cost GNSS hardware smartphones providing multi-constellation,

multi-frequency carrier-phase and pseudorange measurements for the Android platform of-

fers an avenue for GNSS PPP use in recent years. However, smartphone PPP is restricted

due to high multipath effects and signal loss leading to metre-level accuracy and longer con-

vergence time compared to professional-grade GNSS receivers. Proven by previous research

(Zhang et al., 2013; Lou et al., 2016; Xiang et al., 2017), the combination of ionospheric

constraints and receiver DCB estimation is a promising and efficient approach to improve

PPP solution initialization. Therefore, this section analyzes the performance improvements

by applying ionospheric constraints (IC) to PPP in comparison to conventional PPP solu-

tions for different grades of GNSS receivers (geodetic, low-cost, and smartphone hardware)

in open-sky and suburban environments. It is important to acknowledge that the content

of this chapter draws upon the author’s publication "Effects of ionospheric constraints in

Precise Point Positioning processing of geodetic, low-cost, and smartphone GNSS measure-

ments", which was published in Measurement journal (Yi et al., 2021).
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3.1 Introduction and motivation

Over the past decades, the ionosphere-free model has been widely applied for PPP data pro-

cessing given its ability to eliminate ionospheric delays through the dual-frequency linear

combination (Cai et al., 2007; Ge et al., 2012). However, the drawbacks of this combination

method cannot be ignored due mainly to the noise amplification and loss of ionospheric

delay information, the latter of which can play an essential role in reducing PPP conver-

gence time and initialization errors (Odijk, 2002; Tu et al., 2013; Banville et al., 2014).

Therefore, there is a growing trend to utilize the uncombined PPP and with ionospheric

constraints (PPP-IC) as an alternate approach in the precise positioning community. Shi

et al. (2012) employed a prior ionospheric model to improve the single-frequency PPP per-

formance based on GNSS raw measurements. A subsequent contribution from Zhang et al.

(2013) demonstrated that PPP-IC convergence time is correlated with the quality of iono-

spheric maps used and receiver DCB through static experiments. Furthermore, not limited

to single-frequency, PPP-IC showed a significant improvement for dual-frequency, multi-

GNSS PPP solutions as well (Lou et al., 2016), and similar improvements can be also seen

from recent studies (Xiang et al., 2017; Aggrey and Bisnath, 2019).

In response to market demands, a breakthrough happened in 2018 when the dual-

frequency Xiaomi MI 8 was released, enabling ionospheric delays to be managed. These

changes have motivated researchers to investigate whether there is the possibility of re-

placing geodetic-grade receivers with low-cost smartphones with PPP augmentation for

particular mass-market applications. A detailed study on this topic compared the PPP

performance of four newly released smartphones against geodetic-grade receivers, and re-

sults showed that it is feasible to achieve 0.4 m horizontal rms in static scenarios (Aggrey

et al., 2020). More recently, PPP-AR was successfully performed using Xiaomi MI 8 with

an external geodetic antenna. By fixing GPS and Galileo ambiguities, solutions can achieve

centimetre-level accuracy under ideal static environments (Wen et al., 2020). Similarly, it is

confirmed that centimetre-level static smartphone positioning is achievable through single-
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baseline RTK processing (Dabove and Di Pietra, 2019a), and short-baseline RTK ambiguity

resolution with the smartphone antenna (Gao et al., 2021).

Despite this remarkable progress, the main limitations of geodetic and smartphone PPP

lie in its unstable positioning performance in challenging scenarios and long convergence

times (Aggrey et al., 2020; Wu et al., 2019). Meanwhile, few recent studies focus on PPP-IC

for smartphone measurements. The impact of different ionosphere modelling approaches for

static single-frequency smartphone PPP solutions was analyzed in Banville et al. (2019).

In this context, single- and dual-frequency smartphone PPP performance versus differential

GNSS (DGNSS) in static and kinematic environments was assessed, but a Global Ionosphere

Map (GIM) is only applied for single-frequency measurements (Lachapelle and Gratton,

2019). In view of all that has been mentioned so far, the significance of PPP-IC for the

spectrum of next-generation GNSS hardware is unclear. Therefore, this research delves

into the effects of ionospheric constraints on PPP processing of geodetic, low-cost, and

smartphone GNSS measurements, aiming to enhance positioning accuracy and convergence

time for various grades of GNSS receivers.

3.2 Mathematical models and data processing strategies

To have a better understanding of the methodology adopted in this research, this section

begins with the basic equations of PPP-IC with receiver DCB estimation. Then, details on

applying the ionospheric constraints and specific PPP settings are introduced.

3.2.1 Ionospheric-constrained PPP model with receiver DCB estimation

As outlined in Section 2.2.3, once the satellite DCB and clock offset are corrected, the UDUC

PPP equations can be reformulated as Equation (3.1) for both L1 and L2 frequencies.

P s
r,1 = ρs

r + (cdtr + br,PIF
) +M s

rTr + I
s
r,1 + εP1

P s
r,2 = ρs

r + (cdtr + br,PIF
) +M s

rTr + γ2I
s
r,1 + εP2

Ls
r,1 = ρs

r + (cdtr + br,PIF
) +M s

rTr − I
s
r,1 + λ1Ñ

s
r,1 + εL1

Ls
r,2 = ρs

r + (cdtr + br,PIF
) +M s

rTr − γ2I
s
r,1 + λ2Ñ

s
r,2 + εL2

(3.1)
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where γ2 = f2
1

f2
2

is the ratio of the frequencies, and the estimated ionospheric delay I
s
r,1 is

grouped with the real ionospheric delay Is
r,1 the receiver DCB (Xiang et al., 2017; Xiang

and Gao, 2017):

I
s
r,1 = Is

r,1 − 1
γ2 − 1DCBr (3.2)

Broadly speaking, treating the ionospheric information from a GIM as pseudo-observations

is a popular approach and has been widely used in PPP-IC filter (Collins et al., 2012;

Banville et al., 2014), the corresponding misclosure matrix can be expanded to:

W =



P s,estimated
r,1 − P s,observed

r,1

Ls,estimated
r,1 − Ls,observed

r,1

Is,estimated
r,1 − Is,GIM

r,1 + 1
γ2−1DCBr

...


(3.3)

However, since more observations are introduced into the filter, the design, weighting,

as well as variance-covariance matrix should be amplified in the sequential least-squares

filter correspondingly, decreasing the computational efficiency. Meanwhile, the standard

deviation and weighting of ionospheric delays need to be taken into consideration and tuned

well. In response to this, a simpler approach is utilized to directly replace the estimated

ionospheric delays with the ionospheric information provided by a GIM as a constraint for

PPP solution and, consequently, the covariance of ionospheric errors needs to be adjusted

in correspondence with the standard deviations of the GIM, indicating that the GIM would

have more impact on the estimated ionospheric delays. To avoid adverse effects on the final

solutions, it is crucial to properly adjust and tune covariance matrices. These two different

PPP-IC approaches are compared later for smartphones in kinematic scenarios.

3.2.2 Stochastic weighting models

It is well known that measurement weighting plays a vital role in precise estimation. For

geodetic and low-cost receivers, the elevation angle dependent weighting scheme is often
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utilized and the standard deviation of the code observation σ is shown in Equation (3.4):

σ = σ90
a+ bsin(E) (3.4)

where σ90 is the standard deviation of the observation at zenith, E refers to the eleva-

tion angle, and a and b are constant coefficients that can be derived empirically. However,

suggested by previous studies, the satellite elevation-based weighting scheme is inappro-

priate for smartphone processing, since the smartphone antenna picks up reflected signals

contaminated with significant multipath from all directions and those multipath-affected

signals have lower carrier-to-noise ratios (C/N0), irrespective of elevation angle. There-

fore, a C/N0-based weighting scheme is employed for Xiaomi MI 8 measurement processing

(Banville et al., 2019; Zhang et al., 2018b; Shinghal and Bisnath, 2021). Correspondingly,

the standard deviation of the code observation σ can be estimated as (Banville et al., 2019;

Shinghal and Bisnath, 2021):

σ = a+ b ∗ 10− 1
2 ∗ C/N0

10 (3.5)

where coefficient a is 4 m and 6 cm for pseudorange and carrier-phase observations, respec-

tively. These values are empirically derived from the residuals. And b is the pseudorange

chipping length and carrier-phase wavelength for pseudorange and carrier-phase measure-

ments, respectively (Shinghal and Bisnath, 2021).

3.2.3 Smartphone PPP processing settings

Highlighted in Table 3.1 are the processing strategies adopted for different parameter es-

timation and precise product usage in subsequent results. The aforementioned elevation

angle and C/N0-based weighting schemes are adopted for standalone receivers (geodetic

and low-cost) and smartphones, respectively. The PPP engine is configured to automat-

ically filter out satellites with post-fit residuals (residuals between the observed and the

computed values after the SLS/EKF has been performed) exceeding ten times the empir-

ical standard deviations of the measurements in order to mitigate the impact of outliers.

Therefore, different standard deviations of pseudorange and carrier-phase measurements are
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derived empirically for each receiver as shown in Table 3.1. Similar processing settings can

be also seen from previous research (Geng et al., 2019; Banville et al., 2019; Wang et al.,

2021). Furthermore, it should be noted that this research utilized the combined final IGSG

GIM products in the data processing. Since the accuracy and reliability of the GIM stan-

dard deviations are varied from different IAACs (Zhao et al., 2021), the covariance setting

for the GIM should be amplified to accommodate the GIM errors (Aggrey and Bisnath,

2019). Meanwhile, owing to the estimated ionospheric delays are inaccurate and unreliable

during the PPP initialization stage for smartphone, a certain degree of deviation of the

GIM standard deviations can be tolerated.

Table 3.1: Processing engine settings for NovAtel OEM7, SwiftNav Piksi, and Xiaomi MI 8

PPP-IC settings Smartphone Piksi and OEM7
Precise corrections GFZ rapid products GFZ rapid products

Tropospheric delays Hydrostatic: GMF modelling
Wet: estimated

Hydrostatic: GMF modelling
Wet: estimated

Ionospheric delays Constrained by GIM Constrained by GIM
Covariance of ionospheric errors Amplified GIM STD Amplified GIM STD

Weighting schemes Carrier-to-noise based Satellite elevation based

STD of pseudorange (m) 4 Piksi: 0.4
OEM7: 0.1

STD of carrier-phase (m) 0.06 Piksi: 0.004
OEM7: 0.001

3.3 PPP-IC performance assessment

To investigate the impact of PPP solutions with ionospheric constraints for different GNSS

hardware categories, the NovAtel OEM7 and SwiftNav Piksi were selected as representa-

tives of geodetic-grade and low-cost GNSS receivers, respectively. A Xiaomi MI 8 phone

embedded with a BCM47755 chip was employed for experiments. The relevant characteris-

tics of these receivers are highlighted in Table 2.1. For consistency, only GPS and Galileo

dual-frequency signals are processed considering the limited tracking capability of the Xi-

aomi MI 8. Furthermore, it must be pointed that both static and kinematic experiments

were conducted in September 2020, with 2.7 Kp and 71.7 solar flux units F10.7 indexes

on average (available from https://omniweb.gsfc.nasa.gov/form/dx1.html), indicating that
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ionospheric and geomagnetic activities were undergoing a quiet period (Liu et al., 2018).

Take the static experiment for example, Figure 3.1 shows the GIM standard deviations of

GPS and Galileo satellites utilized by smartphone processing on Day of Year (DOY) 259,

2020, ranging from 0.1 to 0.35 m.

Figure 3.1: Time series of GIM standard deviations of GPS and Galileo satellites utilized
by smartphone processing on DOY 259, 2020 (GPS time)

3.3.1 Static PPP-IC results

Data collected under the open-sky scenario on DOY 259 for 3 hours were chosen for static

processing. The horizontal PPP performance comparison of these three receivers processed

with and without IC is shown in Figure 3.2, the overall solutions of Xiaomi MI 8, SwiftNav

Piksi, and NovAtel OEM7 are presented in different colours. To distinguish the performance

of conventional PPP and PPP-IC, solid and dashed lines were drawn for better clarification

to represent the positioning errors of PPP and PPP-IC, respectively. Table 3.2 highlights

the horizontal rms after convergence and convergence time for different GNSS receivers.
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Figure 3.2: Horizontal performance comparison with conventional PPP and PPP-IC processing
strategies for Xiaomi MI 8, SwiftNav Piksi, and NovAtel OEM7 in the static scenario

Table 3.2: Horizontal rms after convergence and convergence time for Xiaomi MI 8, SwiftNav
Piksi, and NovAtel OEM7

Receivers Horizontal rms after convergence (cm) *Convergence time (mins)
Conventional PPP PPP-IC Conventional PPP PPP-IC

Xiaomi MI 8 37 33 25 14
SwiftNav Piksi 9 9 33 33
NovAtel OEM7 3 3 15 15

* Convergence threshold is 10 cm for OEM7 and Piksi, 1 m for MI 8

It can be seen from Figure 3.2 and Table 3.2 that the horizontal rms after convergence

of NovAtel OEM7 (3 cm) outperformed the SwfitNav Piksi (9 cm) and the Xiaomi MI 8

(37 cm) in the conventional PPP mode, owing to its better hardware. Meanwhile, there are

some error fluctuations or jumps after initialization that can be observed for smartphone

solutions on account of its noisy measurements. In terms of the convergence time, it is

imperative to note that 10 cm is too rigorous considering the decimetre- to metre-level

positioning capability for the smartphone, thereby the convergence threshold is increased

from 10 cm to 1 m for the smartphone dataset. Interestingly, no obvious improvement can

be found for OEM7 and Piksi to reach convergence (10 cm) compared to conventional PPP,
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which was due mainly to 2-8 TECU (32-130 cm difference on L1 frequency) inherited errors

from the GIM (Hernández-Pajares et al., 2009). However, PPP-IC provides a significant

improvement regarding smartphone, expressed as the convergence time is shorten from 25

minutes to 14 minutes to attain a 1 m level of horizontal accuracy.

Given that the benefits of ionospheric constraints are most noticeable within the ini-

tialization stage of the PPP processing, the investigation focuses on horizontal positioning

performance in the first 20 minutes. As shown in Table 3.3, it is clear that there is an

obvious trend of reduction of horizontal errors at the first epoch, as well as the horizontal

rms for all of the receivers when applying PPP-IC, which are expected. Surprisingly, what

stands out in the statistics is the improvement of PPP-IC for the smartphone, leading to

30% and 57% reduction concerning the horizontal errors at the first epoch and first 20

minutes horizontal rms, respectively, which are greater than that of the OEM7 and Piksi.

In other words, this research finds that PPP-IC is capable of providing more corrections or

constraining for low-quality measurements before solutions reach convergence.

Table 3.3: Horizontal error at first epoch and horizontal rms within first 20 minutes for
Xiaomi MI 8, SwiftNav Piksi, and NovAtel OEM7

Receivers Horizontal error at first epoch (m) Horizontal rms within first 20 minutes (m)
PPP PPP-IC Improvement PPP PPP-IC Improvement

MI 8 2.6 1.8 30% 2.6 1.1 57%
Piksi 1.5 1.2 21% 0.4 0.3 26%

OEM7 0.6 0.5 18% 0.3 0.2 23%

To better appreciate the impact of ionospheric constraints on the precision from GNSS

filters, Figure 3.3 displays the horizontal covariance time series with and without the GIM

information for these aforementioned receivers. In this context, the horizontal covariance

refers to the updated user position in the local coordinate system for each epoch, it can be

seen as the internal precision obtained from the filter. Similarly, it appears that PPP-IC

is able to reduce horizontal covariance significantly for smartphone solutions in the first

5 minutes. In contrast, PPP-IC has little success in influencing horizontal covariance for

low-cost and geodetic receivers.
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Figure 3.3: Horizontal performance comparison with conventional PPP and PPP-IC pro-
cessing strategies for Xiaomi MI 8, SwiftNav Piksi, and NovAtel OEM7 in the static scenario

Note that the constrained time plays a critical role in PPP-IC solutions, the ionospheric

constraints are applied only in the first epoch for geodetic and low-cost receivers due to

errors from GIM corrections cannot be ignored when reaching convergence. To determine

the impact of different constraining time for smartphone measurements, Figure 3.4 dis-

plays three different processing strategies for smartphone positioning, in which the red line

represents the traditional PPP solution, and the blue and green lines represent solutions

processed by PPP-IC with different constrained times. Several conclusions can be drawn

from this plot. First, it is expected that the blue line takes less time to become identical to

PPP solution (red) without any constraints given the ionospheric constraints are applied

only for the first epoch. Meanwhile, it is interesting to find that by extending the constrained

time until solution convergence, the green line enjoys better positioning performance during

the initialization stage, mitigating the horizontal rms from 2.6 m (red) and 1.5 m (blue),

to 1.1 m within the first 20 minutes. The most likely cause of such an improvement is that

estimating ionospheric errors correctly is more difficult when it comes to the smartphone

PPP owing to its poor positioning capability (decimetre to metre level) and frequent loss
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of observation measurements. Based on this analysis, applying external GIM corrections

continuously until the PPP solution converges is selected as the processing strategy for

smartphone PPP-IC.

Figure 3.4: Horizontal performance comparison with conventional PPP and PPP-IC with different
constraining time for Xiaomi MI 8

To investigate the validity and repeatability of the experimental results, the static smart-

phone dataset was split into 9 segments, meaning the processing engine resets and continues

to process the data every 20 minutes. Corresponding results are presented in Figure 3.5,

where the solid and dashed lines stand for the smartphone dataset processed by conventional

PPP and PPP-IC, respectively. The detailed statistics at the first epoch and horizontal rms

over each reset time are provided in Table 3.4 and Table 3.5, respectively. It is worth not-

ing that there are fluctuations in smartphone PPP solutions during the initialization stage,

which are due mainly to noisy smartphone measurements. Considering that, it is difficult to

estimate ionospheric delays, receiver clock offset, as well as carrier-phase float ambiguities

correctly at the outset without any constraint. For instance, the horizontal error is about

8.4 m when the elapsed time is 60 minutes, but increasing to 17.2 m in the next epoch. In

short, PPP-IC is able to provide significant improvements for the MI 8 in the first 20 min-
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utes, resulting in the horizontal errors at the first epoch for each reset time being reduced

from 6.9 m, on average, to 1.3 m, and the horizontal rms is reduced from 1.7 m to 0.9 m.

In terms of Piksi and OEM7 receivers, the same reset experiments were carried out as well,

and most of the solutions follow the same pattern as shown in Figure 3.2.

Figure 3.5: Horizontal errors comparison for smartphone reset experiment

However, the occurrence of an outlier cannot be neglected at a period of 120-140 minutes

(see Figure 3.5). During this interval, there is an evident approximately 10% degradation

in horizontal positioning accuracy when applying PPP-IC. Theoretically, ionospheric delays

from a GIM are more accurate and reliable than initial estimates from the PPP filter,

accounting for the improvements from PPP-IC. However, it cannot be neglected that in some

cases, the information provided by the GIM is not as accurate as the ionospheric estimates

from the PPP engine for certain epochs, resulting in increases of post-fit residuals and

consequently, some measurements would be regarded as outliers and mistakenly rejected.

Thus, the solution is negatively impacted by the PPP-IC owing to the GIM over-constrained

measurements. Admittedly, it is difficult to distinguish whether the residual is caused by

GIM constraints or measurement noise, which will be the subject of further testing.
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Table 3.4: Horizontal error at the first epoch for Xiaomi MI 8 measurements with and
without ionospheric constraints (reset every 20 minutes)

Elapsed time (mins) 0-20 20-40 40-60 60-80 80-100 100-120 120-140 140-160 160-180
PPP (m) 2.6 2.9 6.4 8.4 7.6 14.8 3.1 9.3 7.2

PPP-IC (m) 1.8 0.3 3.0 0.5 1.6 4.1 0.1 0.2 0.4
Improvement 30% 89% 53% 94% 79% 72% 97% 97% 95%

Table 3.5: Horizontal rms over first 20 minutes for Xiaomi MI 8 measurements with and
without ionospheric constraints (reset every 20 minutes)

Elapsed time (mins) 0-20 20-40 40-60 60-80 80-100 100-120 120-140 140-160 160-180
PPP (m) 2.6 1.7 1.8 2.0 1.3 1.9 0.9 1.8 1.2

PPP-IC (m) 1.1 1.1 0.8 0.9 0.8 0.7 1.0 1.1 0.9
Improvement 57% 36% 57% 56% 40% 65% -10% 40% 23%

3.3.2 Kinematic PPP-IC results

A vehicle experiment was carried out on DOY 252, 2020 around York University, Toronto,

Canada for 30 minutes. Figure 3.6 shows the time series of horizontal errors for these three

receivers with and without ionospheric constraints, and the NovAtel OEM7 RTK result

processed by the NovAtel Inertial Explorer represents the ground truth.

Figure 3.6: Horizontal performance comparison with conventional PPP and PPP-IC pro-
cessing strategies for Xiaomi MI 8, SwiftNav Piksi, and NovAtel OEM7 in the kinematic
scenario
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Two specific drive portions were selected in the following PPP kinematic analysis, namely

scenarios in a parking lot (A) and suburban environment (B). Figure 3.7a illustrates three

trajectories in a parking lot scenario, where smartphone conventional PPP and PPP-IC

trajectories are represented by red and blue dots, respectively, and referenced NovAtel

OEM7 RTK solutions and moving direction are marked by green dots and purple arrow,

respectively. It is worth noting that the SwiftNav antenna was mounted on the vehicle

roof resulting in good signal availability, while the smartphone was set up on the vehicle

dashboard to match realistic usage and susceptible to signal blockage, carrier-phase mea-

surements missing and multipath effects. Compared to the OEM7 RTK results (reference),

it is anticipated that the horizontal rms in the parking lot (0-3 minutes) of the smartphone

(7.6 m) is not comparable to that of Piksi (0.7 m) and OEM7 (0.6 m) in conventional PPP

processing mode.

(a) Google Earth view of smartphone position-
ing with conventional PPP and PPP-IC

(b) Horizontal errors comparison between PPP
and PPP-IC with Xiaomi MI 8 measurement

(c) Horizontal errors comparison between PPP
and PPP-IC with SwiftNav Piksi measurement

(d) Horizontal errors comparison between PPP
and PPP-IC with NovAtel OEM7 measure-
ment

Figure 3.7: Horizontal performance comparison with conventional PPP and PPP-IC processing
strategies for Xiaomi MI 8, SwiftNav Piksi, and NovAtel OEM7 at a parking lot in the kinematic
scenario
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As highlighted in Table 3.6, some significant improvements draw our attention to the

smartphone PPP-IC solutions in the kinematic scenario. 77% and 59% improvements are

observed for MI 8 in terms of first epoch horizontal errors and horizontal rms in the first

3 minutes, respectively, which are greater than that of Piksi and OEM7. Meanwhile, it is

important to note that the horizontal improvement for OEM7 in the first epoch is 74%

though, there are more corrections for Piksi and smartphone solutions in magnitude can be

found when ionospheric constraints are applied, implying that PPP-IC has greater impact

for such low-quality noisy measurements.

Table 3.6: Horizontal error at the first epoch and horizontal rms at the parking lot (3
minutes) for NovAtel OEM7, SwiftNav Piksi, and Xiaomi MI 8

Receivers Horizontal error at first epoch (m) Horizontal rms (m)
PPP PPP-IC Improvement PPP PPP-IC Improvement

MI 8 13.5 3.1 77% 7.6 3.1 59%
Piksi 2.1 1.0 51% 0.7 0.6 12%

OEM7 0.7 0.2 74% 0.6 0.5 8%

Another portion of the trajectory in a suburban environment (18-21 minutes) was se-

lected for the kinematic analysis. As shown in Figure 3.8a, some positioning errors occurred

owing to multipath errors when driving close to high-rise buildings, resulting in part of the

conventional PPP trajectory (red dots) is overlapped with roadside construction. Interest-

ingly, a significant level of improvement is noticed in Figure 3.8b and Table 3.7, PPP-IC

smartphone solutions show 72% horizontal improvement as compared to the conventional

PPP solutions. Furthermore, there is a significant decrease can be observed for smartphone

solutions with the standard deviation reduces from 8.5 m to 1.8 m, indicating how accurate

and smooth the smartphone PPP-IC solutions can realize even in the suburban environ-

ment. As for the Piksi and OEM7 results, PPP-IC results in almost no improvements after

convergence. These results provide important insights into how PPP-IC impacts different

grades of GNSS receivers: as the quality of collected measurements decreases, PPP-IC tends

to provide more corrections for positioning solutions.
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(a) Google Earth view of smartphone position-
ing between conventional PPP and PPP-IC

(b) Horizontal errors comparison between PPP
and PPP-IC with Xiaomi MI 8 measurement

(c) Horizontal errors comparison between PPP
and PPP-IC with SwiftNav Piksi measurement

(d) Horizontal errors comparison between PPP
and PPP-IC with NovAtel OEM7 measurement

Figure 3.8: Horizontal performance comparison with conventional PPP and PPP-IC processing
strategies for Xiaomi MI 8, SwiftNav Piksi, and NovAtel OEM7 in a suburban environment for the
kinematic scenario

Table 3.7: Horizontal rms in a suburban environment (3 minutes) for NovAtel OEM7,
SwiftNav Piksi, and Xiaomi MI 8

Receivers Horizontal rms (m)
PPP PPP-IC Improvement

MI 8 15.9 4.4 72%
Piksi 0.2 (0.18) 0.2 (0.17) 5%

OEM7 0.1 0.1 0%

To assess the impact of data collection in a suburban environment for different GNSS

receivers, Figure 3.9 presents the number of satellites (GPS and Galileo) and Position Di-

lution Of Precision (PDOP) for the three chosen GNSS receivers. As shown in Figure 3.9a,

it is clear that more satellites were tracked by the Piksi and OEM7 than the MI 8, which

is expected given the hardware discrepancy. The average number of satellites for the MI 8,
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Piksi, and OEM7 are 5.9, 11.7, and 15.0, respectively, leading to the considerable PDOP

differences shown in Figure 3.9b.

(a) Number of satellites comparison

(b) PDOP comparison

Figure 3.9: Number of satellites and PDOP comparison for Xiaomi MI 8, SwiftNav Piksi, and
NovAtel OEM7 at the suburban scenario

Furthermore, by comparing Figure 3.8b and Figure 3.9b, a positive correlation can be

found between PDOP and horizontal error for smartphone solutions, especially when high-

rise buildings block satellite signals, e.g., the elapsed time at 18.5, 19.5, and 21 minutes.

Similarly, the variation of visible satellites explains small biases for Piksi and OEM7 hor-

izontal solutions from Figure 3.8. Taken together, these results suggest that, on the one

hand, Piksi and OEM7 PPP solutions are more resilient to the signal blockage prone envi-

ronments, thereby no significant improvement can be observed when applying ionospheric
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constraints in the suburban environment. On the other hand, in the case of a high PDOP

scenario for the smartphone, PPP-IC is capable of providing significant corrections and

stable solutions.

Figure 3.10 shows the comparison of two PPP-IC approaches mentioned in Section 3.2.1,

"GIM 1" presented by blue lines refer to PPP-IC solutions which apply GIM corrections

directly, and "GIM 2" presented by green lines stand for PPP-IC solutions treating the GIM

information as pseudo-observations.

(a) Two PPP-IC approaches comparison for MI 8 at the parking
lot

(b) Two PPP-IC approaches comparison for MI 8 at the suburban
scenario

Figure 3.10: The comparison of two different PPP-IC approaches for the MI 8 in the kinematic
scenarios
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Apparently, "GIM 1" provides results almost identical to "GIM 2" and both of these two

approaches have significant improvements for smartphone PPP solutions (red lines). Such

performances are possible owing to the embedded linearly low-cost antenna, leading to

frequent satellites missing and filter re-initialization in smartphone PPP processing. Given

that, it is expected that the ionospheric delays from conventional PPP are inaccurate and

unstable under kinematic environments, thereby the filter would greatly “trust” the external

corrections from GIM rather than the filter estimated ionospheric errors, irrespective of the

PPP-IC methods.

3.4 Effect of ionospheric constraints on PPP states

The previous results have shown that PPP-IC has significant improvements for smartphone

positioning performance in suburban environments where the satellite geometry is consid-

ered to be weak. To better understand the impact of ionospheric constraints on PPP states,

i.e., estimated ionospheric delays, tropospheric delays, receiver clock offset, and float ambi-

guities, these states are compared between conventional PPP and PPP-IC. The kinematic

datasets collected on DOY 252, 2020 were used for the analysis.

Figure 3.11a and Figure 3.11b illustrate the estimated slant ionospheric delays and

their difference for satellite E27 on the E1 frequency. Owing to the signal blockage in the

suburban area, frequent loss of E27 tracking led to the missing measurements (gaps) and

re-initialization errors, and this is why ionospheric delays estimated from conventional PPP

(red line) did not settle down with time in Figure 3.11a. By contrast, it is noticeable that the

curve smoothness of estimated ionospheric delays from PPP-IC (blue line), indicating that

by constraining the ionospheric delay for a smartphone until the PPP solution converges,

the GIM is capable of providing continuous and stable corrections for estimated ionospheric

errors even when there are measurement gaps. On the other hand, it appears that the GIM

constraint plays a critical role in the initialization and re-initialization epochs (Paziewski,

2020b). Accordingly, there are numerous jumps can be observed in the difference curve (time

series of differenced value with/without applying PPP-IC) in Figure 3.11b. Similarly, Figure
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3.11c and Figure 3.11d display the comparison and differences of tropospheric estimations

with and without ionospheric constraints. Unlike the behaviour of ionospheric estimates,

the value of tropospheric estimate differences are almost zero at the first epoch and ranging

within 6 cm, implying the PPP-IC has little effect on the tropospheric estimations.

(a) Comparison of estimated ionospheric delays (b) Difference of estimated ionospheric delays

(c) Comparison of estimated tropospheric delays (d) Difference of estimated tropospheric delays

Figure 3.11: Estimated ionospheric and tropospheric delays comparison with and without applying
ionospheric constraints for satellite E27

Two other critical parameters estimated in the PPP solution are the receiver clock offset

and carrier-phase ambiguities. Figures 3.12a-3.12d highlight the comparison and differences

of estimated Galileo receiver clock offset and E1 float ambiguities of satellite E27, respec-

tively, and there are some interesting characteristics worth noting. First, it is clear that both

conventional PPP and PPP-IC estimations are not identical to each other from the begin-

ning, i.e., up to 13 m and 15 m differences in the first epoch can be observed for the Galileo

receiver clock offset and E1 float ambiguities respectively, indicating that ionospheric con-

straints affect these states from the first epoch. Secondly, the ionospheric constraints aid

in stabilizing the estimated E1 float ambiguity estimates, reducing the standard deviation
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from 3.1 m to 0.6 m. Such performance is possible thanks to the extra information from

the GIM, which reduces the errors in the estimated ionospheric delays and, consequently,

these more accurate ionospheric delays and scaling ionospheric variance provide a positive

impact on receiver clock offset and float ambiguities estimation.

(a) Comparison of estimated Galileo receiver clock
offset

(b) Difference of estimated Galileo receiver clock
offset

(c) Comparison of estimated E1 float ambiguities (d) Difference of estimated E1 float ambiguities

Figure 3.12: Estimated receiver clock offset and E1 float ambiguites comparison with and without
applying ionospheric constraints for satellite E27

3.5 Summary

Ionospheric refraction is recognized as a significant error source in GNSS signal propagation,

posing challenges to accurate positioning solutions. To address this issue, this research fo-

cused on mitigating ionospheric errors in PPP processing. Specifically, the research explored

applying ionospheric constraints for three different grades of GNSS receivers: geodetic No-

vAtel OEM7, low-cost SwiftNav Piksi, and smartphone MI 8. Through rigorous validation
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via static and kinematic tests, the contributions and novelty of this work are outlined as

follows:

The static results highlighted the substantial benefits of incorporating ionospheric con-

straints into smartphone dual-frequency positioning, a novel aspect that had not been pre-

viously explored. Notably, there was a remarkable 30% improvement in horizontal rms for

the initial epoch positioning solution and a substantial 57% reduction in horizontal rms

within the first 20 minutes compared to traditional dual-frequency PPP solutions. This

enhancement resulted in a reduction of the overall rms from 2.6 m to 1.5 m. Furthermore,

smartphone PPP-IC took 14 minutes to reach the convergence threshold of 1 metre, which

was 11 minutes faster than conventional PPP. Such substantial improvements can be at-

tributed to the difficulty in accurately estimating ionospheric errors in smartphone PPP

due to its noisy measurements and frequent loss of observations.

Similarly, the kinematic vehicle experiments yielded comparable findings. The incor-

poration of PPP-IC in smartphone solutions demonstrated a remarkable 77% and 59%

improvements for the initialization error and horizontal rms over the first three minutes.

Conversely, for Piksi and OEM7 receivers, it is expected that PPP-IC did not lead to sig-

nificant improvements before convergence owing to the limited accuracy from the GIM (2-8

TECU). These findings underscored the efficacy of ionospheric constraints in improving the

precision and reliability of kinematic GNSS positioning solutions, particularly for smart-

phone users in dynamic environments.

To investigate the reasons behind the significant improvement in smartphone solutions

with PPP-IC, this research conducted a comparison of PPP estimates with and without

ionospheric constraints. Interestingly, it was found that not only the estimated slant iono-

spheric delays, but also tropospheric delays, receiver clock offset, and float ambiguities esti-

mation were affected by ionospheric constraints. For instance, the utilization of ionospheric

constraints contributed to stabilizing the estimated float ambiguity estimates, leading to a

reduction in the standard deviation from 3.1 m to 0.6 m. This enhanced performance can
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be attributed to the additional information provided by the GIM, which aids in reducing

errors in the estimated ionospheric delays.

In conclusion, this research made several significant contributions to the application of

PPP-IC technology across three different grades of GNSS receivers. Leveraging GIM infor-

mation and DCB estimation, the static and kinematic solutions verified that PPP-IC is a

promising approach and has a greater impact on smartphones compared to low-cost and

geodetic receivers, a novel finding not previously reported in the literature. Furthermore,

in comparison to other studies conducted under similar kinematic conditions, such as Wu

et al. (2019) utilized MI 8 dual-frequency observations and results showed significant fluc-

tuations with 4-5 m, Aggrey et al. (2020) employed multiple dual-frequency smartphones

and achieved kinematic solutions with rms around 5-7 m, the proposed PPP-IC method

consistently achieved superior performance with horizontal rms performance of less than

3 m even in urban driving environments. The outcomes suggested that PPP-IC holds the

potential to facilitate rapid initialization and precise positioning within a short time for

autonomous vehicles, precision agriculture, and smartphone-based location services.

75



Chapter 4

Improving PPP smartphone
processing with adaptive quality
control method in obstructed
environments when carrier-phase
measurements are missing

The high level of signal noise and multipath effect errors cannot be neglected when it comes

to smartphone-grade GNSS receivers and antennas and, along with frequent carrier-phase

measurement discontinuities and losses, pose a challenge for advanced GNSS positioning

techniques. To effectively utilize all satellite measurements in the absence of phase mea-

surements, this chapter proposes a pseudorange-only measurement enhanced PPP method

with single- and dual-frequency combinations. In other words, the enhanced PPP utilizes

the satellites with pseudorange-only observations that are typically excluded in traditional

PPP processing with precise corrections. The content of this chapter is primarily drawn

from the author’s publication entitled "Improving PPP smartphone processing with adap-

tive quality control method in obstructed environments when carrier-phase measurements

are missing", published in GPS Solutions (Yi et al., 2024).
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4.1 Introduction and motivation

While significant efforts, such as the PPP-IC method discussed in Chapter 3, have been

dedicated to further enhancing precise positioning for smartphones, there are still significant

challenges to achieve dm- or cm-level accuracy for smartphone navigation in real-world

driving environments. Continuing the research, this chapter focuses on further enhancing

smartphone positioning performance specifically to address the challenges: (1) insufficient

observations owing to hardware limitations and obstructed environments, and (2) noisy

measurement and multipath effects.

Regarding the first category of challenges, numerous endeavours have been made to en-

hance GNSS solutions with additional sensors, such as IMUs (Gikas and Perakis, 2016). A

recent study showed that tightly-coupled PPP/IMU solutions have the capacity to bridge

gaps in positioning solutions and markedly enhance overall positioning performance (Yang

et al., 2023). However, dead-reckoning solutions with smartphone-grade IMUs cannot con-

tinuously and precisely track a vehicle over a long time, mainly due to its drifting nature.

Consequently, how best to use the available raw measurements to improve smartphone

GNSS performance remains a core challenge. In this context, Nie et al. (2020) proposed a

PPP algorithm that combines single-frequency, ionospheric-corrected pseudorange measure-

ments with dual-frequency ionospheric-free pseudorange and phase measurements. Contin-

uing this research, Zangenehnejad and Gao (2021) introduced the single-frequency phase

observable in smartphone processing with dual-frequency observations.

In terms of the second category of challenges, due to hardware disparities as compared

with, e.g., geodetic-grade equipment, smartphones equipped with linear polarized antennas

are more vulnerable to multipath effects, signal attenuation, and reduced reception capa-

bility (Pesyna et al., 2014). Prior studies have also demonstrated that GNSS observations

suffer from severe signal suppression and interference when smartphones are placed on a

vehicle dashboard (Li et al., 2022b), and the orientation of the smartphone can also affect

the positioning performance (Yong et al., 2021). More recently, Hu et al. (2023) assessed

smartphone multipath effects through the actual range errors, and the results suggest that
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smartphone range errors characterization differs for different constellations and frequen-

cies. To identify and manage these coarse measurements in GNSS processing, numerous

quality control methods have been proposed, which can be realized through 1) data qual-

ity monitoring using raw measurement information, such as satellite elevation angle and

carrier-to-noise density ratio (C/N0), and 2) pre-fit and post-fit residual analysis to detect

outliers (Lewen et al., 2018; Blewitt, 1990). Despite these advancements, precisely detect-

ing measurement outliers remains an arduous task. Most studies and open-source software,

such as RTKlib and GAMP, often utilize an empirical and fixed residual threshold to reject

noisy measurements and satellites for geodetic receivers (Zhou et al., 2018; Everett et al.,

2022). Due to the poor quality of data and limited tracking capability of GNSS signals,

achieving accurate kinematic smartphone positioning necessitates higher demands on the

quality control approach to filter out noisy measurements, whilst keeping as many quality

measurements as possible.

While the pursuit of precise smartphone navigation using PPP processing has been on-

going for several years, it is important to highlight that previous studies have not made use

of all pseudorange and phase measurements for smartphone PPP processing. Especially in

situations where a smartphone chipset occasionally records only the pseudorange measure-

ments from satellites, while omitting the corresponding phase measurements. This research

will refer to these satellites as “pseudorange-only satellites” throughout this chapter. To ad-

dress the first challenges stemming from inadequate measurements, this research proposes a

pseudorange-only measurements enhanced PPP approach to leverage the full potential of all

available GNSS observations for smartphone processing. Furthermore, an adaptive post-fit

residual rejection method is proposed to mitigate the effects of noisy measurements and

multipath effects on smartphone processing for the second set of challenges. This adaptive

method can be realized with the aid of range errors and geofencing analysis to prevent over-

and under-rejection of measurements based on different multipath profiles.
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4.2 Enhanced smartphone PPP model

This section presents the mathematical models used in the enhanced PPP algorithm, as

well as the models for range errors and the adaptive post-fit residual rejection threshold,

followed by processing settings and configurations employed in smartphone processing.

4.2.1 A pseudorange-only measurement enhanced PPP method

When a smartphone is recording both pseudorange and phase measurements from the num-

ber of g satellites, the measurement matrix z is:

z =
[
P 1

1 , L
1
1, P

1
5 , L

1
5, . . . , P

g
1 , L

g
1, P

g
5 , L

g
5

]
(4.1)

With the inclusion of pseudorange-only measurements, and assume that there are m

pseudorange-only measurements available for a specific epoch, the corresponding measure-

ment matrix must be expanded to:

zupdated = [P 1
1 , L

1
1, P

1
5 , L

1
5, · · · , P g

1 , L
g
1, P

g
5 , L

g
5, P

g+1
1 , P g+1

5 , · · · , P g+m
1 , P g+m

5︸ ︷︷ ︸
expanded

] (4.2)

and the formation of the design matrix A can then be represented as:

H =



e1
x e1

y e1
z 1 mf1 γ1 · · · 0 0 · · · 0 0 · · · 0

e1
x e1

y e1
z 1 mf1 −γ1 · · · 0 0 · · · 0 λ1 · · · 0

...
...

...
...

...
...

...
...

...
...

...
...

...
...

eg
x eg

y eg
z 1 mfg 0 · · · γ5 0 · · · 0 0 · · · 0

eg
x eg

y eg
z 1 mfg 0 · · · −γ5 0 · · · 0 0 · · · λ5

eg+1
x eg+1

y eg+1
z 1 mfg+1 0 · · · 0 γ1 · · · 0 0 · · · 0

eg+m
x eg+m

y eg+m
z 1 mfg+m 0 · · · 0 0 · · · γ5 0 · · · 0


(4.3)

where ex, ey, and ez are line-of-sight unit direction vectors from satellite to receiver. mf

represents the wet mapping function of the tropospheric delay, other parameters can be
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referred to above equations. The measurement precision ratio for phase and code are set to

100:1, and after applying C/N0-based weighting scheme (σ) to different measurements, the

final variance matrix R can be given as:

R = diag(σ1
P 1, σ

1
L1, σ

1
P 5, σ

1
L5, · · · , σg

P 1, σ
g
L1, σ

g
P 5, σ

g
L5, σ

g+1
P 1 , σg+1

P 5 , · · · , σg+m
P 1 , σg+m

P 5︸ ︷︷ ︸
expanded

) (4.4)

Range errors

To analyze the smartphone observation quality and multipath effects, the range error deriva-

tion algorithm is adopted in this research. This method involves forming measurement-

differencing pseudorange observations using both the smartphone and collocated geodetic-

grade receiver data. The lever arm between the smartphone and geodetic receiver is pre-

measured as (x0, y0, z0) in the vehicle body coordinate system. The following equation

shows the derivation of range errors of satellite n (Hu et al., 2023):

RangeError = ∇∆P −
((
eq

x · x0 + eq
y · y0 + eq

z · z0
)

−
(
en

x · x0 + en
y · y0 + en

z · z0
))

(4.5)

4.2.2 Adaptive post-fit residual threshold method

Traditional post-fit residual methods typically employ fixed empirical values to detect and

filter out noisy measurements or satellites that exceed these thresholds, and there is often

a tradeoff between retaining a higher number of observations and filtering out noisy mea-

surements. This tradeoff can result in situations where the use of a tight threshold leads to

the excessive rejection of satellites, ultimately causing solution gaps. To address this issue

and ensure that measurement outliers are effectively identified and removed from the solu-

tion, this research proposes an adaptive post-fit residual rejection threshold to dynamically

adjust the threshold for outlier detection. The adaptive threshold is shown as:

Threshold adaptive = α ∗ Threshold original + c2 (4.6)
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where α is an adaptive factor and c2 is a constant representing the minimum post-fit thresh-

old for pseudorange residuals. The adaptive threshold is equal to the traditional post-fit

threshold when the adaptive factor is 1.

As the adaptive factor significantly impacts the pseudorange threshold and positioning

solution, it is crucial to determine it according to a learning statistic (LS), which can reflect

the actual traffic conditions and is varied with different driving environments. This work

utilizes the ratio of visible satellites over pseudorange-only satellites as the learning statistic,

which can be also determined by the PDOP or other indicators that can reflect the GNSS

conditions. The form of the adaptive factor based on a three-segment function is given as

(Yang et al., 2001):

α =



1 LS ≤ c0

c0
LS

(c1 − LS

c1 − c0
)2 c0 < LS ≤ c1

0 LS > c1

(4.7)

with

LS =



c0 Challenging
PS

POS
Moderate and POS ̸= 0

c1 Moderate and POS = 0

(4.8)

where c0 and c1 correspond to the minimum and maximum values of the learning statistic,

respectively. The abbreviations PS and POS refer to the number of processed satellites and

the number of pseudorange-only satellites, respectively. As shown in Equation (4.8), the

learning statistic is set to c0 in GNSS-challenging environments, resulting in a loosened post-

fit residual threshold. This process aims to maintain enough satellites for reliable positioning,

even if some signals exhibit a higher level of noise. On the other hand, when there are

enough observations available and the learning statistic exceeds c0, the adaptive threshold

adopts a more rigorous rejection stance to filter out noisy measurements and enhance the

overall positioning accuracy. The distinguishing of different GNSS conditions can be based

on geofencing maps, the number of visible satellites, and PDOP. The effectiveness of the

adaptive post-fit residual threshold algorithm relies heavily on fine-tuning the constants
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c0, c1, and c2, which can be initialized with empirically determined parameters and tuned

adaptively according to different phone models and traffic conditions. Also, the post-fit

threshold rejection iterations and overall processing time required are typically faster than

the smartphone GNSS sampling time, demonstrating that the proposed adaptive post-fit

threshold algorithm is feasible and suitable for real-time applications.

Figure 4.1 shows how the adaptive post-fit rejection threshold varies with the learning

statistic and elapsed time for dataset 4. The left subplot illustrates that the adaptive post-fit

threshold decreases as the learning statistic grows with predefined empirical constants c0, c1,

and c2, which are set to 1, 21, and 6, respectively. These values are derived empirically based

on the ratio of visible satellites over pseudorange-only satellites. In other words, the post-fit

threshold would be adjusted adaptively according to different driving conditions as in the

right subplot: in harsh GNSS environments, where the quality of satellite measurements

may be weaker, the post-fit threshold for satellite rejection is set higher. Conversely, in less

challenging GNSS environments, the threshold is set lower. This adaptive adjustment allows

for improved customization of the measurement rejecting criterion to suit different driving

conditions and improve the PPP solutions accordingly.

Figure 4.1: Left subplot: variation of adaptive post-fit rejection threshold with respect to
learning statistic (LS). Right subplot: time series depicting the adaptive post-fit rejection
threshold for dataset 4
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Smartphone processing engine setting

Table 4.1 presents the processing strategy adopted in this research. Considering GIM prod-

ucts cannot be assessed in real-time and typically exhibit errors ranging from 2-8 TECU

(approximately 16-130 cm on GPS L1 frequency) (Banville et al., 2019), the ionospheric

effect is initially constrained using the Klobuchar model, and the remaining residuals are

estimated with a small variance. This approach is specifically designed to address the rank

deficiency issue that arises when estimating both the ambiguity and ionosphere delay si-

multaneously where only single-frequency observations are available. Satellite DCBs are

corrected with Chinese Academy of Sciences (CAS) products. The float carrier-phase ambi-

guities are treated as constant terms in the estimation as long as cycle slips are not detected,

and only float solutions are estimated due to the noisy measurements with the internal

smartphone antenna. Conventional cycle slip detection methods are applied, specifically,

loss of lock indicator, geometry-free (GF) combination (Blewitt, 1990), Melbourne-Wübbena

(MW) combination (Melbourne, 1985), and Doppler cycle slip detection. The thresholds are

0.1 m for GF, 3 m for MW, and 10 for Doppler cycle slip detection, respectively. If a cycle

slip is detected, the ambiguity parameter variance in the filter is reset. Furthermore, due

to the constraints imposed by tracked satellites/observations, the elevation cut-off angle is

set to a low threshold of 10 degrees. This adjustment helps in effectively filtering out noisy

measurements, while maximizing the inclusion of much needed satellites/measurements for

smartphone processing. Meanwhile, a C/N0-based weighting scheme is utilized in smart-

phone processing, and the measurement standard deviation σ is estimated from coefficients

a and b, which are derived from filter residuals and frequency information (Banville et al.,

2019; Shinghal and Bisnath, 2021).

To ensure the replicability and reliability of this research, a total of ten road tests were

performed on different days, following the identical routes. Table 4.2 provides comprehensive

details of these datasets. Notably, road tests 3-6 were conducted during rush hour in Toronto,

leading to more challenging traffic conditions compared to the other tests.
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Table 4.1: Processing strategies of pseudorange-enhanced PPP

Items Strategy
Coordinates White noise

Receiver clock White noise
Ionospheric effect Constrained with Klobuchar model

ZWD Estimated
ZHD Saastamoinen model

Ambiguity Constant if no cycle slip detected
Troposphere mapping function NMF
Satellite orbit/clock corrections GFZ rapid products

Satellite DCB CAS products
Processed constellations GPS/GLONASS/Galileo/BDS
Processed frequencies Single- and dual-frequency
Elevation cut-off angle 10°

Weighting scheme C/N0-based

Table 4.2: Summary of ten road tests

Test # Phone model Collection Time (Local time) Traffic conditions
1 MI 8 Oct. 8, 2022, 22:03-22:24 Good
2 S21+ Oct. 8, 2022, 22:03-22:24 Good
3 MI 8 Oct. 10, 2022, 15:53-16:20 Harsh
4 S21+ Oct. 10, 2022, 15:53-16:20 Harsh
5 MI 8 Oct. 10, 2022, 16:21-16:44 Harsh
6 S21+ Oct. 10, 2022, 16:21-16:44 Harsh
7 MI 8 Aug. 7, 2021, 21:52-20:18 Good
8 S21+ Aug. 7, 2021, 21:52-20:18 Good
9 MI 8 Jul. 29, 2021, 20:48-21:13 Good
10 S21+ Nov. 7, 2022, 21:17-22:41 Good

4.3 Raw measurement assessment and smartphone enhanced
PPP performance evaluation

To better appreciate the smartphone raw measurements behaviour under different multipath

profiles, the first four datasets listed from Table 4.2 were taken as examples and analyzed.

Smartphones are usually employed for applications such as pedestrian navigation and vehicle

navigation, where the primary focus lies in assessing user horizontal positioning errors.

In alignment with this perspective, notable competitions such as the Google Smartphone

Decimeter Challenge in 2021, 2022, and 2023 have adopted horizontal positioning error as a

key evaluation criterion (Fu et al., 2020). Therefore, in this section, the horizontal solutions
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together with the statistics from all ten datasets are discussed and compared with different

PPP processing modes.

4.3.1 Raw GNSS measurements analysis under different driving environ-
ments

Figure 4.2 shows a comparison of the observed number of pseudorange and phase measure-

ments between smartphone MI 8 (dataset 1) and a geodetic OEM7 GNSS receiver. For

OEM7 measurements, the absence of a blue line is due to the complete overlap between the

green and blue lines, indicating that the number of code and phase measurements recorded

by the geodetic receiver is always the same. For the MI 8 phone, the average number of pseu-

dorange and phase measurements are 33 and 27, respectively. These quantities indicate that,

on average, 6 phase measurements were lost during the data collection period, while the

corresponding pseudorange measurements remained available. Conversely, no phase mea-

surement loss is observed when the code measurements are available in the geodetic data

collected by the OEM7 receiver. This comparison highlights the performance discrepancies

that the smartphone experiences more frequent phase measurement losses in challenging

environments.

Figure 4.2: Number of pseudorange and phase measurements (GREC) for smartphone (left)
and geodetic receiver (right)
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In Figure 4.3, a band-by-band, constellation-by-constellation analysis is performed to

provide a comprehensive view of the phase unlock situation. The blue dots represent the

difference between the number of pseudorange and phase measurements, while the red lines

indicate the phase unlock ratio. From Figure 4.3, it can be observed that no significant

constellation- or band-specific trends are found in these phase unlock cases, suggesting that

the phase losses issue is a general problem in smartphone raw observations and affects

different frequencies and constellations in a similar manner.

Figure 4.3: Difference between the number of pseudorange and phase measurements (blue
dots) for different constellations and the corresponding phase unlock ratios (red lines)

Figure 4.4 presents the number of visible satellites and pseudorange-only satellites, de-

picted as blue and green bars, respectively, under varying multipath conditions. Two key

observations can be made from the plot. First, GNSS geometry remains relatively consistent

across most driving environments irrespective of multipath effects. However, it is observed

that multipath effects can vary significantly depending on the specific driving environments.
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Take satellite G10 as an illustrative example. The L1 code-minus-carrier (CMC) residuals

for G10 differ across environments, measuring 2.0 m for open-sky conditions, 3.6 m in veg-

etation roads, 3.3 m in suburban roads, and 5.4 m in overpasses areas. Second, it should be

noted that the overpass areas encompass not only the immediate overpass structures but

also the nearby roads when geofencing was created, and as the vehicle approaches and tra-

verses overpasses, the number of pseudorange-only satellites increases (on-average to 7.7),

while the availability of visible satellites decreases (on-average to 15.2). This finding suggests

that the smartphone tracking capability of phase measurements is significantly susceptible

to obstructed environments.

Figure 4.4: Number of visible and pseudorange-only satellites under different driving envi-
ronments

Figure 4.5 illustrates a comparative analysis of L1 time-differenced code-minus-carrier

(TDCMC) residuals between road tests 1 and 3, offering insights into the smartphone obser-

vation quality influenced by various factors, including multipath effects and other noises, and

different colours stand for CMC residuals from different satellites, details of the TDCMC

method are explained in Caamano et al. (2020). As stated previously, test 3 experienced
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more challenging traffic conditions compared to test 1. As anticipated, the average L1 CMC

residual for test 3 was 7.7 m, indicating a higher level of noise compared to test 1, which

had an average residual of 5.5 m. The increased noise can be mainly attributed to more

prominent multipath effects and signal interference caused by passing vehicles.

Figure 4.5: Overall satellite CMC L1 residuals for datasets 1 (lower traffic) and 3 (higher
traffic)

4.3.2 Pseudorange-enhanced PPP vs PPP in GNSS harsh environments

Figure 4.6 shows the time series of smartphone PPP horizontal errors for datasets 1 to 4.

The conventional GNSS PPP solution is represented by the red line, while the enhanced

GNSS PPP solution is represented by the blue line. It is evident that the smartphone pure

GNSS-PPP solution experiences significant degradation during GNSS outages. Addition-

ally, although vehicle datasets 1-4 followed the same route, their PPP traditional solutions
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exhibited significant variations. Notably, datasets 3 and 4 display markedly inferior PPP

solutions compared to datasets 1 and 2. This discrepancy can be attributed to the challeng-

ing traffic conditions during rush hours that are highlighted in Table 4.2, which results in

frequent signal blockages and carrier-phase measurements loss.

Figure 4.6: Horizontal error with respect to the reference trajectory processed by PPP and
enhanced PPP solutions with pseudorange-only measurements, and the PPP maximum
errors are 25.9 m, 26.5 m, 25.1 m, 45.9 m for road tests 1-4, respectively

In contrast, the proposed enhanced PPP strategy, which incorporates additional pseudo-

range observations, provides more stable and resilient solutions in those GNSS-challenging

environments. The improvement is particularly evident in datasets 1 and 2, where the maxi-

mum horizontal errors are reduced from 25.9 m and 26.5 m to 12.0 m and 9.8 m, respectively.

Figure 4.7 summarizes the overall horizontal statistics for road tests 1 to 4, and correspond-

ing metrics 95th percentile positioning error, 68th percentile positioning error, and overall

rms are represented as red, blue, and green bars, respectively. The enhanced PPP solutions

are depicted in lighter colours. It can be observed that the positioning performance is im-

proved for all four datasets. For example, in dataset 4, the horizontal positioning accuracy
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is improved from 5.4 m, 3.1 m, and 3.4 m to 2.2 m, 1.8 m, and 1.9 m for the 95th percentile

error, 68th percentile error, and rms, respectively.

Figure 4.7: Overall horizontal statistics for road tests 1 to 4 processed by PPP and
pseudorange-enhanced PPP strategies

To investigate the reasons behind the improved solutions with enhanced PPP strategy,

Figure 4.8 shows the comparison between PDOP with/without the inclusion of pseudorange-

only satellites. The pink dashed lines (background lines) represent the PDOP improve-

ment achieved by including pseudorange-only satellites for test 4. It is observed that the

pseudorange-enhanced PPP strategy can improve PDOP by up to 60% compared to con-

ventional PPP processing. Additionally, the 95th percentile positioning often reflects per-

formance in challenging environments, such as those near overpasses or high-rise buildings

where the phase measurements may experience significant signal loss. For instance, there

could be situations with 4 satellites resulting in both pseudorange and carrier-phase mea-

surements and 4 satellites resulting in only pseudorange observations. Including these 4

additional satellites/observations can lead to a substantial improvement in PDOP. Con-

sequently, a noticeable reduction of approximately 0.2 in PDOP can be observed when

pseudorange-only satellites are included in the data processing. Such improvements play
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a crucial role in mitigating GNSS outliers, especially when there are only a few satellites

available.

Figure 4.8: PDOP comparison for road test 4 with/without pseudorange-only satellites.
Blue line denotes PDOP for PPP solution, while green line is the PDOP for enhanced PPP.
Pink line is the percentage of PDOP improvement for these two solutions

4.3.3 Pseudorange-enhanced PPP with adaptive post-fit residual thresh-
old

The inclusion of pseudorange-only measurements provides significant improvement over

conventional PPP performance in harsh environments, and based on the range error analysis,

the average measured range error for pseudorange-only observations is 2.4 m. This value

is consistently compared to regular pseudorange observations, which exhibit an average

range error of 2.3 m when phase measurements are available. However, the involvement of

unexpected noisy pseudorange-only observations can also be detrimental to solutions. For

instance, during the initialization time for road test 1, there are noisy measurements related

to G09 pseudorange-only observations with range errors exceeding 20 m. Nevertheless, the

post-fit residual for G09 observations was calculated at 7.4 m, which remained undetected in

the traditional fixed post-fit threshold rejection function. To mitigate this problem, a range
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error rejection function is applied to the enhanced PPP solutions. Figure 4.9 indicates that

the pseudorange-enhanced PPP with range errors rejection function (green) can further

improve the positioning solutions for dataset 1.

Figure 4.9: Time series of horizontal error and corresponding statistics for dataset 1 pro-
cessed by pseudorange-enhanced PPP (blue) and pseudorange-enhanced PPP with range
errors rejection function (green)

Although having a range errors rejection function is beneficial for solutions, it is imprac-

tical and cost-inefficient for setting a geodetic rover adjacent to the smart device through-

out real-time applications. Meanwhile, CMC assessment necessitates access to carrier-phase

measurements, which are unavailable for pseudorange-only observations. Therefore, how to

optimize the quality control methods and remove measurement outliers based on filter-

inherited information are vital to smartphone positioning. Figure 4.10 describes the scatter

diagrams and correlation analyses between smartphone pseudorange range errors and sev-

eral parameters: pre-fit residuals, post-fit residuals, signal strength, and satellite elevation.

These parameters are available in real-time PPP processing and have been commonly used
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for stochastic modelling and measurement optimization in smartphone positioning. It can be

observed that the post-fit residuals exhibit the strongest correlation (0.67 on L1 frequency

and 0.55 on L5 frequency) with range errors among the examined parameters, suggesting

that utilizing post-fit residuals as a criterion for distinguishing measurement quality is more

suitable and effective in smartphone positioning amongst other indices.

Figure 4.10: Correlation analysis of smartphone range errors with pre-fit residuals, post-fit
residuals, signal strength, and elevation angle

Considering that the smartphone measurement quality is not only limited by the low-

cost GNSS chipset and antenna but also the environment, it is unrealistic to assume a

constant post-fit residual rejection threshold throughout smartphone processing. Figure 4.11

presents the time series of horizontal errors for datasets 1 to 4, where the enhanced PPP

with the traditional fixed post-fit residual threshold (blue lines) and enhanced PPP with

adaptive post-fit residual threshold (green lines) are compared. The first subplot of Figure

4.11 demonstrates that the adaptive post-fit residual threshold can detect and mitigate noisy

measurements in the initialization stage for dataset 1. Although there are still performance

discrepancies compared to the enhanced PPP with the range error rejection approach, the
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adaptive threshold approach shows its potential to reduce the maximum error from 12.0

m to 4.2 m. Furthermore, the last subplot of Figure 4.11 exemplifies the importance of

the proposed adaptive algorithm for dataset 4. Enhanced PPP solutions with the adaptive

post-fit residual threshold exhibit improved positioning performance, with 95th percentile

error, 68th percentile error, and overall rms reduced to 1.5 m, 1.0 m, and 1.6 m, respectively.

Although the adaptive post-fit residual threshold provides little improvement for datasets

2 and 3, the proposed algorithm does not harm the enhanced PPP solutions with good

GNSS geometry and data quality. Meanwhile, owing to the harsher driving conditions, the

maximum horizontal positioning errors for datasets 3 and 4 can reach as high as 24.7 m and

44.9 m at the overpass D2, respectively. Given the limited availability of GNSS observations

during these instances, neither the proposed methods could effectively mitigate these gross

errors. Consequently, it is anticipated that the inclusion of an IMU holds the potential to

significantly reduce such large errors, which deserves future research.

Figure 4.11: Horizontal error with respect to the reference trajectory for road tests 1 to
4 processed by pseudorange-enhanced PPP and pseudorange-enhanced PPP with adaptive
post-fit thresholds, and maximum errors are 24.7 m, 44.9 m for road tests 3 and 4, respec-
tively
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Figure 4.12 highlights the overall horizontal error Probability Density Function (PDF)

and Cumulative Distribution Function (CDF) for ten tested datasets. The solutions pro-

cessed by PPP, enhanced PPP, and enhanced PPP with adaptive post-fit residual threshold

are represented by red, blue, and green colours, respectively. It is evident that the inclusion

of pseudorange-only measurements significantly enhances the accuracy of PPP positioning,

as it effectively reduces the occurrence of horizontal errors exceeding 2.5 m. Furthermore, as

highlighted in Table 4.3, the proposed adaptive post-fit residual rejection function further

improves overall solutions, resulting in improvements of approximately 0.3 m, 0.2 m, and

0.3 m for overall rms, mean, and 95th percentile errors, respectively, when compared to em-

ploying a traditional fixed post-fit threshold across ten datasets. Overall, when compared

to conventional PPP strategy, the horizontal rms, 95th percentile error, and 68th percentile

error are reduced from 2.8 m, 5.5 m, and 2.2 m to 1.4 m, 1.8 m, and 1.3 m, respectively.

Figure 4.12: Overall horizontal errors Probability Density Function (PDF) and Cumu-
lative Distribution Function (CDF) for all tested ten datasets processed by PPP (red),
pseudorange-enhanced PPP (blue), and pseudorange-enhanced PPP with adaptive post-fit
residual threshold rejection function (green)
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Table 4.3: Overall horizontal statistics for all tested ten datasets processed by PPP,
pseudorange-enhanced PPP, and pseudorange-enhanced PPP with adaptive post-fit resid-
ual threshold rejection function (unit: m)

Processing strategy RMS STD Mean 95th errors
PPP 2.8 1.9 2.1 5.5

Enhanced PPP 1.7 0.8 1.3 2.1
Enhanced adaptive PPP 1.4 0.7 1.1 1.8

4.4 Summary

Since every satellite measurement matters in GNSS processing, this research uniquely

proposed a new PPP algorithm by enhancing the single- and dual-frequency PPP with

pseudorange-only measurements to improve the satellite geometry and measurement re-

dundancy. Additionally, a new adaptive post-fit residual rejection threshold was adopted to

improve the measurement quality control strategy for different driving conditions. Through

extensive validation tests involving ten vehicle experiments across various driving condi-

tions, the research demonstrated the superior performance of the enhanced PPP approach

compared to traditional methods.

By incorporating pseudorange-only measurements into single- and dual-frequency PPP

processing, significant enhancements in mitigating positioning errors have been observed.

Specifically, there were improvements of 64%, 23%, and 46% observed in the 95th percentile

positioning error, 68th percentile positioning error, and overall rms statistics, respectively.

This notable improvement can be attributed to a 60% enhancement in PDOP compared

to conventional PPP processing, which plays a critical role in mitigating GNSS outliers,

particularly in scenarios where only a few satellites are available for smartphone positioning.

Additionally, the range error correlation analysis explicitly revealed that post-fit resid-

uals exhibit the strongest positive correlation with receiver noise and multipath effects,

among the examined parameters including pre-fit residuals, C/N0 values, and elevation an-

gles. Building upon this insight, the proposed adaptive post-fit residual rejection function

further refined the measurement quality control scheme, resulting in improved solutions

with a 95th percentile positioning error of 1.8 m and an overall rms error of 1.4 m for the
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horizontal component. These results demonstrated a notable improvement in smartphone

PPP performance compared to previous studies conducted in harsh GNSS environments

(Wu et al., 2019; Aggrey et al., 2020; Yi et al., 2021).

To sum up, this research introduced a novel enhanced PPP algorithm that utilized all

available smartphone observations and incorporated an adaptive quality control method

to mitigate the negative effects of noisy measurements and multipath effects. The results

showed that this enhanced adaptive PPP algorithm can reduce the smartphone horizontal

rms and 95th percentile errors from 2.8 m and 5.5 m to 1.4 m and 1.8 m. These findings

not only underscored the importance of utilizing all available satellite observations for en-

hanced accuracy but also highlighted the effectiveness of adaptive techniques in improving

smartphone positioning performance.

97



Chapter 5

Hybridization of smartphone
GNSS PPP/RTK with internal
IMU

The proliferation of GNSS-enabled smartphones has increased the demands for Location-

Based Services (LBS). With the deployment of multi-constellation, dual-frequency chipsets

and the availability of GNSS raw measurements from the Android operating system, it is

now possible to utilize advanced GNSS positioning techniques such as RTK and PPP for

smart devices, which brings low-cost mobile positioning accuracy to the next level. How-

ever, smartphone GNSS observations are vulnerable to multipath effects and poor signal

reception. Consequently, GNSS-only smartphone positioning performance tends to degrade

significantly in harsh environments. To tackle these issues, this chapter comprehensively

analyzes the performance improvements by integrating the IMU measurements retrieved

from smartphones. Additionally, this chapter proposes a novel PPP/RTK hybridization

algorithm, combined with the single- and dual-frequency enhanced PPP strategy for smart-

phone processing. The contents of this chapter draws upon the author’s publications "Native

Smartphone Single- and Dual-Frequency GNSS-PPP/IMU Solution in Real-World Driving

Scenarios" and "Hybridization of smartphone GNSS PPP/RTK with native IMU in realistic

driving scenarios," which were published in the Remote Sensing journal and presented at

the ION GNSS+ 2023 conference, respectively (Yi et al., 2022; Yi and Yang, 2023).
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5.1 Introduction and motivation

The smartphone precise positioning market is dynamic and driven by emerging applications

and technological innovations. How to provide accurate, continuous, and resilient position-

ing, navigation, and timing (PNT) solutions to the mass market with low-cost devices has

been a topic and major challenge for industry and research communities. A breakthrough

occurred in 2016 when Google released the Android 7.0 platform that allows both users and

developers to retrieve raw measurements including pseudorange and carrier-phase observa-

tions directly from the GNSS chipsets free of charge (Malkos, 2016), and this progression

made the precise smartphone navigation possible to utilize RTK and PPP technologies.

As a pioneer, Pesyna et al. (2014) proved that centimetre-level accuracy is achievable with

smartphone-grade antenna and single-frequency GNSS technology in an ideal environment.

Following this contribution, a host of studies explored smartphone RTK/NRTK/PPP po-

sitioning performance, and solutions demonstrated that the decimetre- to centimetre-level

positioning accuracy can be reached for single-frequency smartphones under open-sky static

environments (Realini et al., 2017; Gill et al., 2017; Dabove and Di Pietra, 2019b; Odolinski

and Teunissen, 2019; Sun et al., 2020b).

For smartphone positioning, the necessity of improving solution performance in ob-

structed environments, such as urban canyons is well-recognized for user experience. Ultra-

low-cost hardware and a user tendency to place smartphones in adverse positions for

GNSS measurements. Fortunately, contemporary smartphones are equipped with motion

sensors, and most motion sensors employed are in the form of micro-electromechanical sys-

tem (MEMS) IMUs. MEMS-IMUs are low-cost inertial sensors that are commonly fused

with various grades of GNSS receivers to achieve dead-reckoning solutions (Abd Rabbou

and El-Rabbany, 2014; Vana and Bisnath, 2020). Following the research in the low-cost

independent sensor domain, work has been conducted to investigate such sensor fusion us-

ing smartphone sensors (Gikas and Perakis, 2016; Yan et al., 2019, 2020). Most literature

has been focused on basic Single Point Positioning (SPP), and few have demonstrated the

potential of implementing precise techniques such as PPP or RTK for sensor fusion. The
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authors were able to show the potential of improved accuracy to metre-level during GNSS

outages in previous studies using RTK (Yang et al., 2021; Seepersad et al., 2021) or PPP

(Seepersad et al., 2022). Kaiser et al. (2021) investigated the quality of GNSS and IMU

measurements obtained from a Xiaomi MI 8 smartphone. Their findings indicated that the

smartphone achieved a positioning performance of 5 m in open-sky areas.

In view of the published literature so far, the quest to produce RTK-like performance

with a PPP configuration has been ongoing for decades as the former technique enjoys great

benefits from instantaneous convergence and solution stability. Although RTK and PPP

approaches are not novel conceptions, it should be noted that PPP is gradually narrowing

the gap compared to RTK with atmospheric constraints and multi-frequency observations

(Yi et al., 2021; Wang et al., 2020; Aggrey and Bisnath, 2019). However, most studies in

the field of smartphone positioning have only focused on standalone GNSS-RTK or GNSS-

PPP technique, and a few recent studies are concerned about the fusion technique with

smartphone internal GNSS and IMU sensors (Yi et al., 2022; Yang et al., 2021). To assess

smartphone RTK and PPP positioning performance discrepancies, this research uniquely

adopts ionospheric constraints for PPP processing and compares the smartphone positioning

performance with the combination of smartphone internal inertial sensors under different

driving environments. Furthermore, a novel PPP/RTK or RTK/PPP hybrid algorithm is

proposed to further enhance solutions in harsh urban environments.

5.2 Mathematical models and data processing strategies

This section begins with details regarding smartphone IMU raw data preprocessing and

tightly-coupled GNSS/IMU integration, followed by the smartphone hybrid processing flowchart.

5.2.1 Smartphone IMU raw data preprocessing

Smartphone IMU measurements were gathered using the GnssLogger application released

by Google. This application can log raw IMU and GNSS measurements into a text file for

post-processing. To align the navigation engine with the output from the smartphone IMU,

the IMU initialization and alignment procedures outlined in Section 2.3.1 were conducted,
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allowing for the conversion of the IMU coordinate system to the vehicle body coordinate

system, and details about the IMU specifications are highlighted in Table 2.2. Figure 5.1

presents the comparison of IMU raw measurements after alignment between the Xsens

IMU (green) and Xiaomi Mi 8 IMU (blue). The Xsens MTi-7 low-cost IMU is used as a

comparison. Though the low-cost IMU does not provide an ideal truth as a reference, the

matching pattern overall measurements and axes for Mi 8 against Xsens MTi-7 showed

promising performance of the integrated solution.

Figure 5.1: Raw IMU measurements: Mi 8 vs Xsens MTi-7

Furthermore, all raw IMU measurements were preprocessed by re-sampling to 100 Hz

with the linear interpolation method. Three reasons led to the re-sampling decision: (a) as

demonstrated in Figure 5.2, the accelerometer and gyroscope readings were not synchronized

over the sampled 0.25 s, showing separate timestamps, in contrast to conventional IMUs;

(b) Figure 5.3 shows that the IMU raw measurements were not spaced equally, because the

time gaps between measurements were not constant; and (c) by setting up a uniform data
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rate, the same integrated filter solution can be compared between the commercial low-cost

Xsens and the smartphone without additional processing.

Figure 5.2: A snapshot of IMU timestamps over 0.25 s

Figure 5.3: Histograms of time gaps between IMU accelerometer (up subplot) and gyroscope
(down subplot) measurements; the red line indicates mean time gap of 5.8 ms

5.2.2 Tightly-coupled GNSS/IMU integration

The sensor fusion with IMUs is carried out using a tightly-coupled approach. In a tightly-

coupled GNSS/IMU integration, a centralized filtering scheme is employed to update both

IMU and GNSS estimated states. A solution-state vector is defined as a concatenated vec-

tor of IMU-specific states and GNSS-specific states. The first part of the solution vector

is shared between PPP/IMU processing and RTK/IMU processing, while the second part

is dependent on RTK or PPP the engine is processing. The PPP/IMU error measurement

vector and error state vector have been introduced in Equation (2.38) and Equation (2.39)

(Groves, 2013; Farrell and Barth, 1999; Seepersad et al., 2021). Similarly, RTK/IMU esti-
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mated error state vector is represented as Equation (5.1):

xRT K/IMU = [δPx,y,z δVx,y,z δAx,y,z △∇Tr △∇Is
r △∇N s Ba

x,y,z Bg
x,y,z] (5.1)

The same terms found in Equation (2.39) also apply. In cases where double-differencing

is available, the receiver clock error is cancelled out. The measurement vectors take the

pseudorange and carrier-phase measurements into account. In RTK/IMU integration, the

error measurement vector is given as:

zk(RT K/IMU) =

△∇P s
br,i,GNSS − △∇P s

br,i,IMU

△∇Ls
br,i,GNSS − △∇Ls

br,i,IMU

 (5.2)

5.2.3 Smartphone hybrid RTK and PPP engine

Smartphone hybrid RTK and PPP engine is a well-established processing tool that is able to

generate GNSS/IMU tightly-coupled solutions for geodetic, low-cost, as well as smartphone

devices. As shown in Figure 5.4, the processing architecture comprises modules of the mea-

surements/corrections sources, measurements/corrections, processing handlers, processing

steps, and output, which are represented as red, green, blue, yellow, and purple boxes,

respectively. The processing engine firstly stores all needed smartphone measurements re-

trieved from the Geo++ RINEX Logger (GNSS) and GnssLogger Apps, along with the Ob-

servation Space Representation (OSR) and State Space Representation (SSR) corrections

for RTK and PPP processing, respectively. With time synchronization, the IMU handler

is expected to re-sampling and align the raw IMU measurements, followed by initialization

and biases compensation steps. The synchronization of GNSS and IMU data using GPS

Pulse Per Second (PPS) was not incorporated in this study, which deserves future research.

The states such as smartphone attitude, position, and velocity predicted from IMU mecha-

nization then are fed back to the GNSS handler. Together with GNSS measurements, both

of GNSS and IMU-related states are tightly-coupled and updated in the Kalman filter. The

overall sanity check for GNSS/IMU solutions includes checks on various parameters such
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as speed, accelerometer and gyroscope biases, pitch angles, covariance, positioning, and ve-

locity differences to verify the quality and reliability of the TC solutions. After passing the

sanity check, the processing engine steps into the next epoch. The output including RTK,

PPP, their tightly-coupled GNSS/IMU solutions, as well as the corresponding state covari-

ance matrices are generated concurrently to ensure the real-time and forward processing

capability of the processed PPP/RTK approach.

Figure 5.4: Processing architecture for smartphone hybrid RTK and PPP engine

In terms of PPP processing, this research uses the rapid satellite orbit and clock prod-

ucts from GFZ to simulate real-time positioning, CAS products are used for satellite DCB

corrections. Furthermore, the tropospheric hydrostatic delay is corrected by GMF (Global

mapping function) while its wet delay is estimated in the filter. The ionospheric delays are
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constrained by the Klobuchar model. The hybrid algorithm uses the RTK and PPP solutions

and the corresponding state covariance matrices to further enhance the overall positioning

performance. The hybrid PPP/RTK solution processed with the GNSS measurements from

the same rover can be given as Equation (5.3) (Delchambre, 2015):

Xhybrid = (WRT KXRT K +WP P PXP P P )
WRT K +WP P P

(5.3)

where WRT K and WP P P are the estimated weights for RTK and PPP, respectively.

To mimic daily driving and correspond to consumer habits, the tested smartphone is

mounted on the vehicle dashboard. Three smartphone datasets were collected on separate

days on the same route, and Table 5.1 highlights the test numbers, collection dates, as

well as time duration for these datasets. Multiple multipath profiles including (A) suburban

arterial roads, (B) suburban roads, (C) local streets, as well as (D) overpasses, are taken into

consideration to characterize smartphone precise positioning performance under different

environments with different processing strategies.

Table 5.1: Summary of collected smartphone datasets

Test # Collection Date (2021) GPS time Duration
1 30 November 02:04-02:28 24 mins
2 8 August 01:15-01:42 27 mins
3 12 October 00:20-00:43 23 mins

5.3 Smartphone GNSS/IMU performance assessment

The smartphone positioning performance processed with RTK, PPP, and hybrid PPP/RTK

with tightly-coupled IMU integration are comprehensively compared in this section. All

these aforementioned algorithms are verified through three kinematic vehicle experiments.

5.3.1 IMU dead reckoning assessment

This research first attempts to produce IMU-only solutions over two separate 60-second

GNSS outages where the positioning solution is generated solely from IMU inputs. To
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simulate such outages, outages A and B are extended by not including GNSS measurements

during the 60 seconds. The solution states are first initialized using a reference solution

produced by SPAN, with lever arm correction to the smartphone frame. The horizontal

errors are compared against the SPAN reference solution in post-processed RTK/IMU with

full access to all available measurements in Figures 5.5 and 5.6. The results show higher

horizontal errors from Mi 8 (blue) than from Xsens (red) for the complete duration of Outage

A and after 20 seconds for Outage B. The Xsens has a slower diverging rate, suggesting a

less noisy raw IMU performance. In general, the result suggests robust ultra-low-cost IMU

performance for an outage less than 10 seconds comparable to that of automotive-grade

IMUs such as the Xsens.

Figure 5.5: Position estimates based on dead-reckoning of Xsens and MI 8 IMUs only within
60 s. (a) IMU dead-reckoning horizontal errors within 60 s at Outage A. (b) Google Earth
view of IMU mechanization trajectories at Outage A.

Figure 5.6: Position estimates based on dead-reckoning of Xsens and MI 8 IMUs only within
60 s. (a) IMU dead-reckoning horizontal errors within 60 s at Outage B. (b) Google Earth
view of IMU mechanization trajectories at Outage B.

Another key observation is that the IMU-only solution shows better accuracy through

Outage B compared to Outage A. Theoretically, IMU error propagation is complicated and
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influenced by a range of factors including initialization errors, IMU timing discrepancy,

finite iteration rates, and noises. Measurement biases, mainly from gyroscope also play a

critical role in impacting IMU dead-reckoning solutions, and the positioning errors δX in

the respective axis can be represented as Equation (5.4) (Groves, 2013):

δXa ≈ 1
2bat

2

δXg ≈ 1
6bggt

3
(5.4)

where δXa and δXg are the position errors caused by accelerometer and gyroscope biases

(ba and bg), respectively; g is gravity and t is the IMU mechanization time. In other words,

a 10−4 m/s2 accelerometer bias and a 10−3 rad/s gyro bias theoretically produce position

errors of 0.5 cm and 1.6 m, respectively, in 10 s.

Further analysis of these IMU biases is presented in Figure 5.7. The experiments were

conducted in kinematic environments that started with a straight path. The initial biases

are set as zero and it takes time for both of IMUs’ biases to converge. The engine has run

for 5 min prior to Outage A compared to 15 min prior to Outage B. From Figure 5.7, it

can be observed that the bias states are better converged at the 15-min mark than the

5-min mark, potentially giving a better bias estimation. In addition, the Xsens IMU has

more stable bias estimation which converges faster than for the smartphone IMU. For the

accelerometers, the Mi 8 IMU does not show a clear converging pattern. For the gyroscopes,

the Mi 8 IMU takes almost 10 min more to reach a stable state compared to the Xsens.

This comparative performance is expected owing to the lower cost and performance of the

smartphone IMU. As a consequence of these two reasons, the early estimated biases lead to

the lower dead-reckoning performance at Outage A compared to Outage B.
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Figure 5.7: Time series of estimated IMU accelerometer and gyroscope biases with along
three axes. The unit for acceleration bias is metres per second squared (m/s2), and the unit
for gyro bias is radians per second (rad/s)

5.3.2 Positioning performance assessment with RTK and PPP

To investigate smartphone positioning performance in realistic driving environments, three

different GNSS configurations namely SPP, RTK, and PPP, are utilized for test 1. As a

traditional GNSS positioning technique, SPP has been widely utilized for smartphones that

can only receive code-only observations. Figure 5.8 illustrates the time series of horizontal

errors (with respect to the reference trajectory) produced by SPP, RTK, as well as PPP,

which are represented as red, green, and blue lines, respectively. It is anticipated that

the RTK and PPP solutions will outperform the SPP solution, and the latter approach

cannot either provide stable positioning solutions, owing to inaccurate pseudorange-only

measurements and insufficient observations. Meanwhile, it is worth noting that horizontal

errors increase significantly at the time 2.33 hours, when the vehicle traverses the underpass,

which shows the limitation of these GNSS-only positioning techniques. Furthermore, in spite

of the initial convergence time, it is interesting to observe that smartphone PPP and RTK

have similar positioning performances throughout, indicating that PPP has the capability
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of achieving similar accuracy as RTK in various complex environments, without double-

differencing and base station setup.

Figure 5.8: Horizontal error with respect to the reference trajectory comparison processed
by SPP (red), RTK (green), and PPP (blue) for test 1

Table 5.2 highlights the horizontal error summary statistics from SPP, RTK, and PPP

for test 1. As expected, the SPP solution has the worst positioning performance with 5.6

m, 3.1 m, and 1.8 m for 95th percentile error (2 σ), 68th percentile error (1 σ), and overall

rms, respectively, indicating the importance of incorporating carrier-phase measurements

in the processing. The 68th percentile error cannot be equated with the overall rms since

the smartphone’s horizontal performance exhibits non-zero mean errors in this research.

In comparison to PPP, RTK performs slightly better with a few decimetres in terms of

95th and 68th percentile errors, due mainly to the mitigation or elimination of atmospheric

errors. However, it is surprising to note that the overall rms from PPP is only 1.8 m, which

is better than the RTK overall rms (2.2 m), owing to the impacts of position outliers.

Table 5.2: Statistics of horizontal errors with different processing strategies (unit: m)

Processing approaches 95th Percentile Error 68th Percentile Error RMS Maximum Error
SPP 5.6 3.1 3.9 31.9
RTK 1.9 0.9 2.2 62.5
PPP 2.2 1.6 1.9 35.3
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Correspondingly, Figures 5.9 and 5.10 show the time series of the number of processed

satellites, observations, and PDOP processed by PPP/RTK strategies for test 1. Since the

processing engine utilizes the single- and dual-frequency signals combination method, an

average of 26.5 satellites with 58.5 observations (code+phase) are tracked and processed,

which significantly enhances the GNSS positioning accuracy and robustness compared to

single-frequency GNSS or dual-frequency GNSS. These two figures reflect the GNSS condi-

tions around adjoining areas, and it is observed that the number of satellites/observations

and PDOP change significantly when the observed time is 2.33 hours owing to signal block-

age, resulting in large positioning errors. Therefore, mitigating the negative effects during

GNSS outages is the key to enhancing smartphone precise positioning in challenging envi-

ronments.

Figure 5.9: Time series of the number of processed satellites (blue) and observations (red,
code+phase) for test 1

Figure 5.10: Time series of PDOP for test 1
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Since different factors such as traffic conditions, satellite availability, and atmospheric ac-

tivity significantly affect smartphone GNSS positioning performance, it is important to val-

idate the processing algorithm and strengthen the experimental repeatability through mul-

tiple independent experiments. Considering that, this research analyzes two more datasets

collected on separate days with identical route to better appreciate smartphone RTK and

PPP performance. The following set of time series of horizontal errors for road tests 2

and 3 are illustrated in Figure 5.11 and Figure 5.12, respectively. Table 5.3 displays the

corresponding horizontal statistics.

Figure 5.11: Time series of horizontal error for test 2

Figure 5.12: Time series of horizontal error for test 3
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Together with test 1, it is concluded that RTK solutions have more accurate positioning

performance compared to PPP GNSS-only solutions with regards to 95th and 68th percentile

errors, due to fast initial convergence. Take test 3 as an example, RTK solution can provide

2.4 m and 1.3 m of 95th and 68th percentile errors which outperform the PPP solutions (2.7

m and 2.1 m). Similar levels of PPP or RTK positioning accuracy were also seen in recent

publications (Fortunato et al., 2019a; Li et al., 2022b; Wang et al., 2021). However, it should

be noted that none of the aforementioned studies achieve the smartphone precise positioning

in both RTK and PPP modes with similar accuracy under suburban environments, and

it is interesting to note that PPP is capable of providing the same level of positioning

accuracy as the RTK after convergence, and owing to the negative impacts from the large

positioning outliers during GNSS outages, PPP solutions can even provide more accurate

overall rms in comparison to RTK solutions, and this finding has not been seen in previous

studies. Meanwhile, it is important to note that both of these two GNSS-only positioning

performances degrade significantly in GNSS-challenging environments, which restricts the

use of smart devices for precise navigation applications in real driving scenarios.

Table 5.3: Statistics of horizontal errors with different processing strategies for road tests 2
and 3 (unit: m)

Processing approaches 95th Percentile Error 68th Percentile Error RMS Maximum Error
RTK (test2) 2.5 1.5 2.1 38.5
PPP (test2) 2.6 1.6 1.6 27.3
RTK (test3) 2.4 1.3 2.6 41.4
PPP (test3) 2.7 2.1 2.2 22.7

5.3.3 Positioning performance assessment with GNSS/IMU

To assess the performance discrepancy with and without smartphone native IMU tightly-

coupled integration, Figures 5.13-5.14 display the time series of horizontal errors processed

by RTK, RTK/TC, PPP, and PPP/TC for road tests 1 and 2, and these four aforementioned

positioning solutions are marked as green, red, blue, and black, respectively.

In contrast to GNSS-only RTK and PPP, the tightly-coupled RTK/TC and PPP/TC

approaches are capable of reducing positioning errors significantly, most notably during

GNSS outages. As highlighted in Table 5.4, it can be observed that RTK/TC and PPP/TC
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solutions provide little enhancement for 95th and 68th percentile errors, showing that the

fusion method did no harm to the GNSS-only solutions for most epochs with good satellite

geometry. On the other hand, the integration of the IMU brings significant benefits in

mitigating the majority of error peaks. For example, the maximum errors observed at test

1 are reduced from 62.5 m and 35.3 m to 15.8 m and 18.9 m, respectively, for RTK/TC

amd PPP/TC solutions, resulting in better overall positioning performance. Similarly, with

the inclusion of IMU, the maximum errors processed by RTK (38.5 m) and PPP (27.3 m)

for test 2 are down to 13.3 m and 10.6 m, respectively. Consequently, overall rms for RTK

and PPP are reduced from 2.1 m and 1.6 m to 1.5 m and 1.4 m, respectively. However,

owing to the noisy measurements and IMU biases instability, smartphone GNSS-RTK/IMU

or GNSS-PPP/IMU solutions cannot completely eliminate the positioning gross errors.

Figure 5.13: Horizontal error with respect to the reference trajectory comparison
processed by RTK (green), RTK/TC (red), PPP (blue), and PPP/TC (black) for test 1
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Figure 5.14: Horizontal error with respect to the reference trajectory comparison
processed by RTK (green), RTK/TC (red), PPP (blue), and PPP/TC (black) for test 2

Table 5.4: Statistics of horizontal errors with different processing strategies for road tests
1-3 (unit: m)

Processing approaches 95th Percentile Error 68th Percentile Error RMS Maximum Error
RTK/TC (test1) 1.9 0.9 1.3 15.8
PPP/TC (test1) 2.2 1.6 1.7 18.9
RTK/TC (test2) 2.5 1.5 1.5 13.3
PPP/TC (test2) 2.6 1.6 1.4 10.6
RTK/TC (test3) 2.1 1.3 1.6 24.0
PPP/TC (test3) 2.6 2.1 1.9 14.8

The smartphone measurement quality and the number of satellite tracked is dependent

on the environment in which the smartphone is operating, and the measurement quality and

availability define the accuracy of the position solution. Thus, the effect of the environment

on position solution accuracy is studied in the current research. As shown in Figure 5.15,

the track of the smartphone data is divided into suburban arterial roads, local streets, and

overpasses. Whilst the local streets are colour coded in green, and the overpass is coded

in red. The position horizontal accuracy was analyzed for the environments of different

navigation engines. Table 5.5 demonstrates the statistics of horizontal errors comparison

with different processing strategies under varied multipath profiles.
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Figure 5.15: Geofencing of vehicle routes

Table 5.5: Statistics of horizontal errors with different processing strategies under different
multipath profiles (unit: m)

Processing approaches Suburban arterial roads Local streets Overpass
95th Percentile RMS 95th Percentile RMS 95th Percentile RMS

RTK 2.0 1.1 2.0 1.0 19.1 10.0
RTK/TC 2.0 1.1 2.0 1.0 15.2 7.7

PPP 2.2 1.5 2.2 1.6 21.5 9.0
PPP/TC 2.1 1.5 2.2 1.6 14.7 6.3

The result shows similar performance between suburban arterial roads and local streets.

For example, both RTK and RTK/TC solutions provide 2.0 m percentile error and 1.1/1.0

m overall rms in these areas, which is somewhat in conflict with the expectation that subur-

ban arterial roads should have performed a superior solution in a more open-sky scenario,

the possible reason is that the heavier traffic and urban development along the arterial roads

obscure the two types of environments. Furthermore, it is again proved that the integration

of smartphone IMU is beneficial for improving the overall positioning performance, specif-

ically in the GNSS obstruction scenarios. Correspondingly, the PPP 95th percentile error
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and overall rms at the overpass are reduced from 21.5 m and 9.0 m to 14.7 m and 6.3 m,

respectively.

5.3.4 Hybridization of RTK and PPP solutions

The hybridization of RTK and PPP is another focus of this work, and the hybrid solutions

are fused from RTK and PPP solutions according to the estimated precision values from the

filter covariance matrix. Figures 5.16-5.17 show the time series of horizontal error comparison

for road tests 1 and 2, where RTK, PPP, and hybrid PPP/RTK including their TC solutions

are represented as green, blue, and red lines, respectively. It is noticeable that the hybrid

solutions inherit advantages from PPP and RTK and provide more accurate positioning for

all tested datasets throughout.

Figure 5.16: Horizontal error with respect to the reference trajectory for road tests 1.
RTK, PPP, and PPP/RTK hybrid solutions are represented as green, blue, and red lines,

respectively. Same for the tight-coupled solutions

116



Figure 5.17: Horizontal error with respect to the reference trajectory for road tests 2.
RTK, PPP, and PPP/RTK hybrid solutions are represented as green, blue, and red lines,

respectively. Same for the tight-coupled solutions

Statistically, Figure 5.18 summarizes the overall horizontal positioning errors with six

combinations of processing strategies through all three road tests 1-3. RTK, PPP, and

hybrid PPP/RTK solutions are marked as green, blue, and red bars, respectively, and their

TC solutions are represented in lighter colours. On the one hand, it is found that the PPP

solution is capable of delivering comparable positioning accuracy as RTK solutions after the

convergence time. On the other hand, the integration of IMU can significantly reduce the

overall rms for the GNSS-only solutions. More importantly, the PPP/RTK hybridization

technique enhances smartphone GNSS-only positioning overall performance, namely 2.3 m,

1.3 m, and 2.0 m of horizontal 95th percentile error, 68th percentile error, and rms can be

observed, respectively, which are the best solutions among the RTK and PPP strategies.

Furthermore, the integration of IMU can still contribute to the hybrid solution, which

reduces the overall rms from 2.0 m to 1.4 m. Although similar smartphone positioning

performances are achievable and seen in recent studies (Li et al., 2022b; Fortunato et al.,

2019a; Wang et al., 2021), our research is the first to present a superior hybrid solution than

either single processing mode of RTK or PPP, while achieving a robust solution accuracy

in each mode alone.
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Figure 5.18: Overall horizontal positioning statistics with RTK, PPP, hybrid PPP/RTK,
and their tightly-coupled solutions

5.3.5 Identifying scenarios where IMU integration benefit most

To specify the benefits of incorporating smartphone IMU measurements under different en-

vironments, Figure 5.19 presents the horizontal rms with the number of satellites used in

single and dual-frequency PPP processing. On account of buildings and tunnels limiting por-

tions of the sky, the minimum of 4 satellites are not always available for smartphone GNSS

positioning in suburban driving. Observing both Table 5.6 and Figure 5.19, the smartphone

IMU can bridge these positioning gaps and significantly mitigate positioning errors when

visible satellites are insufficient, e.g., a significant level of 98% and 87% horizontal posi-

tioning improvements is observed with the aid of the smartphone IMU measurements when

the number of satellites is reduced to 4 and 5, respectively. The smartphone PPP/IMU

solution is capable of providing stable and continuous positioning solutions, and the sensor

fusion solution maintains the same grade of accuracy performance even with fewer satellites.

The possible reason is that smartphone PPP/IMU solutions not only rely on GNSS satel-
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lite measurements, but also are relevant to predicted state covariance, previous estimated

states, and IMU raw measurement quality.

Figure 5.19: Correlation of the horizontal errors on the number of satellites.

Table 5.6: Statistics of horizontal errors with processed satellites for single- and dual-
frequency processing (unit: m)

Processed satellites 0 1 2 3 4 5 6 7 8 9 >9
PPP - - - - 67.7 63.6 34.9 4.6 6.3 4.7 1.7

PPP/IMU 3.5 7.0 5.7 5.0 1.5 8.1 2.9 6.4 2.6 2.7 1.6

5.4 Summary

The findings from this research made several noteworthy contributions by integrating smart-

phone IMU with GNSS measurements. Smartphone precise positioning performance was

comprehensively assessed and compared with advanced GNSS techniques such as RTK and

PPP. Furthermore, this research proposed a novel hybridization approach by utilizing both

the RTK and PPP solutions and covariance to improve smartphone positioning accuracy.

To validate the effectiveness of the proposed algorithm and investigate the smartphone

positioning performance with different processing configurations, a total of three datasets

collected on separate days were analyzed, whilst the smartphone was mounted on the dash-
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board to mimic realistic usage. Based on these investigations, the contributions and novelty

of this chapter can be summarized as:

First, the dead-reckoning experiments demonstrated that the smartphone’s IMU can

achieve metre-level positioning accuracy during outages lasting less than 10 seconds, a

performance comparable to the low-cost Xsens IMU. Furthermore, the theoretical analysis

revealed that a 10−4 m/s2 accelerometer bias and a 10−3 rad/s gyro bias could result in

position errors of 0.5 cm and 1.6 m, respectively, over a span of 10 seconds. This underscores

the critical role of bias compensation in producing IMU mechanization solutions.

In this context, the research proposed a PPP/RTK hybridization algorithm to address

the inherent limitations of RTK and PPP for smartphone processing. By adjusting the solu-

tion weights based on estimated precision values, the hybrid algorithm achieved significant

improvements, with 95th percentile error, 68th percentile error, and overall horizontal rms

values of 2.3 m, 1.3 m, and 2.0 m, respectively. Compared to prior investigations employing

standalone GNSS PPP or RTK strategies (Wu et al., 2019; Fortunato et al., 2019b; Yi et al.,

2021), the integration of the smartphone IMU with this hybrid PPP/RTK algorithm leaded

to better results, with 95th percentile error and overall rms reduced to 2.2 m and 1.4 m,

respectively, representing an "optimal" solution compared to other GNSS/IMU strategies

and previous studies.
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Chapter 6

Galileo High Accuracy Service
(HAS) with smartphone
GNSS/IMU sensors

The Galileo High Accuracy Service (HAS) has undergone substantial development in re-

cent years, offering users free access to GPS and Galileo satellite orbit, clock, and code

bias corrections for user PPP on a global scale. This chapter researches the use of the

currently available HAS corrections for smartphone positioning. Due to hardware dispari-

ties and limited tracking capabilities, smartphone processing with only two constellations

struggles to ensure satisfactory satellite geometry and sufficient observations in realistic

user environments. To fully harness all observed code and phase measurements and the

orbit and clock information directly disseminated from satellites, this chapter introduces a

new PPP algorithm combing HAS corrections and broadcast ephemerides (HASandBRDC

PPP) for smartphone processing. This chapter is mainly referenced from the author’s lat-

est manuscript entitled ”Precise positioning utilizing smartphone GNSS/IMU integration

with the combination of Galileo High Accuracy Service (HAS) corrections and broadcast

ephemerides”, currently under review at GPS Solutions.

6.1 Introduction and motivation

A recent trend in positioning communities has witnessed the emergence of the direct broad-

cast of SSR corrections through GNSS constellations. Japan’s Quasi-Zenith Satellite System
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Centimeter-Level Augmentation Service (QZSS CLAS) is notable for being the first augmen-

tation system to transmit Compact SSR (CSSR) corrections through the L6D signal. CLAS

aims to provide a range of corrections, including satellite orbit, clock, code/phase biases, and

ionospheric/tropospheric corrections, to GPS, Galileo, and QZSS satellites, covering the en-

tirety of Japan (Saito et al., 2011; Miya et al., 2016). For wide usages, the Japan Aerospace

Exploration Agency (JAXA) has introduced the Multi-GNSS Advanced Orbit and Clock

Augmentation (MADOCA) system, which initiated the MADOCA-PPP trial service on

September 30th, 2022, aiming to provide PPP services in the Asia-Oceania region by deliv-

ering satellite orbit, clock, code/phase corrections for GPS, Galileo, GLONASS, BDS, and

QZSS satellites through the L6E signal (Kawate et al., 2023). Similarly, BDS-3 (BeiDou-3)

offers customized CSSR corrections, including GPS and BDS satellite orbit/clock corrections

and code biases through the B2b signal, all geared toward achieving high PPP performance

for users in China and the surrounding regions (Tao et al., 2021; Xu et al., 2021).

Unlike regional services, the European Union is actively developing the Galileo HAS,

poised to play a pioneering role by offering Signal-in-Space (SIS) corrections to global users

free of charge. These corrections, generated by Galileo Sensors Stations and corresponding

infrastructures, are transmitted within the Galileo C/NAV navigation message through

the E6B signal (1278.75 MHz). In accordance with the specifications and provisions put

forth by the European Commission, Galileo HAS Service Level 1 (SL1) has a primary

goal of providing global GPS and Galileo satellite orbit, clock, and code bias corrections,

conveyed at a data rate of 448 bits and structured in a format similar to CSSR. The aim

is to facilitate PPP-based horizontal and vertical accuracies better than 20 cm and 40 cm,

respectively, with a convergence time of 300 seconds and 99% data availability. Galileo

HAS successfully declared its initial services operational starting from January 24th, 2023

(EUSPA, 2023), and these corrections have also been accessible through the HAS Internet

Data Distribution (IDD) service since then. Moving forward, the Galileo HAS Service Level 2

(SL2) is designed to extend its offerings by providing atmospheric corrections to users within

the European Coverage Area (ECA). This expansion makes PPP-RTK feasible, potentially
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reducing the convergence time to less than 100 seconds. The full operational deployment of

Galileo HAS is scheduled for 2024 and later, promising further advancements in satellite-

based positioning accuracy and capabilities (EUSPA, 2020).

Recently, Galileo HAS has garnered considerable attention in the GNSS community,

with a focus on exploring its accuracy and potential for mass-market applications. Pioneer-

ing this field, Fernandez-Hernandez et al. (2022) provided an overview of HAS architecture,

corrections accuracy and user PPP performance in the HAS initial phase. Initial results

demonstrated that HAS PPP performance can achieve 10 cm in both horizontal and verti-

cal domains under static and open-sky conditions. Naciri et al. (2023) confirmed that HAS

corrections can provide signal-in-space range errors (SISRE) of 10.6 cm and 11.8 cm for

Galileo and GPS satellites, respectively. Additionally, HAS float PPP solutions can achieve

targeted performance with 13.1 cm and 18.6 cm in horizontal and vertical domains, re-

spectively. Similar analyses accessing HAS corrections in 2023 can also be found in recent

studies (Parra et al., 2023; Yi et al., 2023). The introduction of Galileo HAS has also ad-

vanced PNT applications. Hauschild et al. (2022) successfully utilized HAS corrections for

the precise orbit determination (POD) for low Earth orbit (LEO) satellites. Martini et al.

(2024) characterized Galileo HAS corrections and improved the positioning performance

with satellite anomaly mitigation in static and kinematic environments.

Meanwhile, the maturity of GNSS and its associated augmentation services has cat-

alyzed unprecedented growth and evolution of low-cost, multi-frequency, multi-constellation

GNSS receivers and antennas. This surge in technological advancement has given rise

to cost-effective GNSS/IMU sensor integration, which has received considerable attention

(Abd Rabbou and El-Rabbany, 2015; Vana and Bisnath, 2020; Yi et al., 2022). Although

progress has been made, there has been no quantitative investigation on the low-cost sensors

HAS solutions in realistic driving scenarios. Furthermore, there are still significant chal-

lenges to relying solely on HAS corrections for smartphone positioning. While it has been

confirmed that sub-metre accuracy is possible with smartphone HAS PPP in an open-sky

static environment (Glaner and Weber, 2023), it is crucial to note that achieving such ideal
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conditions is not feasible in, e.g., real-world, urban driving environments. Complex road

conditions, obstructions, and complex multipath profiles make it extremely challenging to

ensure precise smartphone positioning with sufficient GPS and Galileo satellites (Aggrey

et al., 2020; Yi et al., 2021). Additionally, geodetic versus smartphone hardware disparities,

such as the use of linearly polarized antennas mounted on smartphones, makes smartphone

positioning more vulnerable to multipath effects and signal attenuation compared to tradi-

tional geodetic and low-cost receivers (Pesyna et al., 2014; Zhang et al., 2018b; Håkansson,

2019).

To fully utilize the orbit and clock information directly disseminated by satellites, an

augmented PPP algorithm for smartphone navigation is proposed in this chapter. This

algorithm utilizes HAS corrections and broadcast ephemeris information, leveraging GPS,

Galileo, GLONASS, and BeiDou single- and dual-frequency observations, along with pseudorange-

only measurements in cases where carrier-phase data is missing (Zangenehnejad and Gao,

2021; Yi et al., 2024). This approach is specifically designed to increase the redundancy

of observations and optimize satellite geometry, thereby improving smartphone positioning

performance when utilizing HAS corrections. Additionally, smartphone IMU measurements

are incorporated to enhance the PPP performance in challenging environments.

6.2 Galileo HAS overview and SISRE computation

As outlined in the Galileo HAS information note, the implementation of Galileo HAS is

organized into three phases, as depicted in Figure 6.1 (EUSPA, 2020). Phase 0 involved the

successful completion of HA testing and experimentation activities between 2019 and 2022,

validating Galileo’s dissemination capabilities. Phase 1, referred to as HA Initial Service, was

designed to provide an SL1 service with reduced performance, and this phase was officially

begun in January 2023. HAS implementation will then advance to Phase 2, which is aimed at

achieving the full implementation of Galileo HAS and meeting the performance objectives of

SL1 and SL2. Current improvements being focused on include additional reference stations
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and the introduction of Galileo and GPS satellite phase bias corrections, which will allow

for faster and more accurate PPP-Ambiguity Resolution (AR) on the part of users.

Figure 6.1: Galileo HAS implementation roadmap (EUSPA, 2020)

According to the Galileo HAS Interface Control Document (ICD) (European Union,

2022), HAS corrections are disseminated through the Galileo E6B signal, and these cor-

rections correspond to GPS LNAV and Galileo I/NAV messages. The Center for Orbit

Determination in Europe (CODE) products were chosen as the reference due to their high-

quality data, and Table 6.1 illustrates the distinctions between HAS and CODE products.

CODE products provide centre-of-mass (CoM) satellite coordinates, while HAS orbit cor-

rections are to the ionosphere-free (IF) antenna phase centre (APC). The differences in

utilizing the first primary signal and second primary signal between CODE and HAS affect

the SISRE computation, which will be elaborated upon in subsequent sections.

Table 6.1: Comparison of HAS and CODE products in terms of orbit centre and the primary
signals of the ionosphere-free (IF) combination that the satellite clocks refer to

Corrections Orbit centre First primary signal Second primary signal
HAS Galileo APC_IF E1 (C1C) E5b (C7Q)

CODE Galileo CoM E1 (C1C) E5a (C5Q)
HAS GPS APC_IF L1 C/A (C1C) L2P (C2P)

CODE GPS CoM L1 (C1W) L2 (C2W)
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6.2.1 Orbit corrections

The HAS orbit corrections are associated with GPS LNAV and Galileo I/NAV messages,

referring to the ionosphere-free APC. These corrections consist of radial, along-track, and

cross-track (RAC) corrections in the Satellite Coordinate System (SCS). Figure 6.2 illus-

trates the SCS system, where the along-track component represents the satellite velocity

vector, the cross-track component is normal to the orbital plane, and the radial component

is perpendicular to both the along-track and cross-track components (Fernandez-Hernandez

et al., 2022).

Figure 6.2: Satellite Coordinate System

HAS equations and application methods are references from HAS ICD (European Union,

2022), the Galileo HAS corrected orbit coordinates x̃s
AP CIF

can be expressed as:

x̃s
AP CI F

= xsIF +RECEF
RAC δRs

RECEF
RAC =

[
ẋs

|ẋs| × xs×ẋs

|xs×ẋs|
ẋs

|ẋs|
xs×ẋs

|xs×ẋs|

] (6.1)

where xsIF represents the broadcast satellite position, and δRs represents the corresponding

HAS orbit corrections, ranging from ±10.2375 m, ±16.376 m, and ±16.376 m for the RAC

directions, respectively. RECEF
RAC refers to the rotation matrix that converts RAC corrections

to the broadcast ECEF frame, xs and ẋs represent the broadcast satellite position and

velocity in the ECEF frame, respectively.
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To evaluate the HAS orbit SISRE, the first step involves translating the HAS orbit

coordinates from the APC x̃s
AP C to the CoM x̃s

CoM using the ionospheric-free phase centre

offsets (PCO) corrections obtained from the supplementary ANTEX files. Subsequently,

the orbit errors in the radial (δR), along-track (δA), and cross-track (δC) directions can

be calculated by taking the differences between x̃s
CoM from HAS and the referenced orbit

coordinates xs
CoM from CODE:

x̃s
COM = x̃s

AP CIF
− PCOIF[

∆R ∆A ∆C
]

= RRAC
ECEF (x̃s

COM − xs
COM )

(6.2)

And the orbit SISRE can be expressed as:

SISREorbit =
√
w2

R∆R2 + w2
A,C (∆A2 + ∆C2) (6.3)

where the weight factors wR is 0.98 and wA,C are 1/49 and 1/61 for GPS and Galileo,

respectively (Montenbruck et al., 2015).

6.2.2 Clock corrections

The corrected HAS clock, denoted as d̃tsIF , can be expressed as (European Union, 2022):

d̃t
s

IF = dtsIF + ∆tsr + δCs

c
(6.4)

where dtsIF is the ionosphere-free broadcast satellite clock errors, ∆tsr is the relativistic

correction, and δCs corresponds to the HAS clock corrections, ranging from ±40.95 m.

Considering that CODE and HAS clock products utilize different L1 and L2 signals for

forming the ionosphere-free combination (as detailed in Table 6.1), it is essential to in-

corporate DCB corrections for assessing clock precision. Equation (6.5) describes the GPS

satellite clock differences ∆dtGP S between HAS clock d̃ts,GP S

IF and CODE referenced clock

dt
s,GP S
IF , and relativistic correction should be removed as it is not applied in CODE clock
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products.

∆dtsGP S = d̃t
s,GP S

IF − dt
s,GP S
IF − ∆tsr + f2

1
c
(
f2

1 − f2
2
)DCBs

C1C−C1W (6.5)

Considering that the constellation-specific systematic bias in clock products affects satel-

lites uniformly, it is crucial to calculate the average clock differences ∆cdt and eliminate it

in the computation of total SISRE.

SISREs
total =

√(
wR∆R− (∆cdt− ∆cdt)

)2
+ w2

A,C (∆A2 + ∆C2) (6.6)

6.2.3 Satellite biases

Unlike the satellite Differential Signal Bias (DSB) products, HAS satellite code biases are

transmitted in Observable-specific Signal Biases (OSBs) format (Schaer, 2016). At present,

satellite phase biases are not provided, and therefore PPP-AR is not feasible with the

currently available HAS corrections. Table 6.2 outlines the specifications of HAS OSB cor-

rections for both GPS and Galileo satellites,

Table 6.2: Specifications of HAS OSB corrections for GPS and Galileo

OSB types Applied signals Range (m) Validity and update intervals (s)
HAS Galileo E1 C, E5a Q, E5b Q, E6 C ±20.46 3600 (50)
HAS GPS L1 C/A, L2C, L2P ±20.46 3600 (50)

The corrected pseudorange measurements can be expressed as follows:

P̃ s
r,i = P s

r,i +OSBHAS (6.7)

6.3 PPP/IMU processing settings with the combination of
HAS and broadcast information

Due to the restricted tracking capability of smartphone GNSS chipsets compared to geodetic

hardware, each measurement is significant in smartphone PPP processing. To fully lever-

age GNSS observations from GREC (GPS-Russia-Europe-China) four constellations, this
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chapter adopts an approach named "HASandBRDC PPP". Specifically, it proposes the uti-

lization of HAS products for GPS and Galileo PPP processing and the use of broadcast

products for GLONASS and BeiDou constellations for which HAS products are not avail-

able for. However, compared to HAS and precise products, broadcast ephemerides tend to

exhibit significantly larger SISRE errors, which can adversely impact PPP performance.

To compensate the SISRE errors induced by broadcast products, a common approach

is to incorporate the projected SISRE error as an additional estimated variable Ss into

observation equations. The updated UDUC mode is expressed as (Gunning et al., 2019;

Carlin et al., 2021):

P s
r,i = ρs

r,i + (cdtr + br,PIF
) −

(
dts + bs

PIF

)
+ γiIs

r,1 +MrTr + Ss + εPi

Ls
r,i = ρs

r,i + (cdtr + br,PIF
) −

(
dts + bs

PIF

)
+ γiIs

r,1 +MrTr + Ss + λiN s
t + εpi

(6.8)

It is important to note that the broadcast clock of BeiDou satellites is determined by

two-way satellite time frequency signal (Tang et al., 2016), and the clock offset is coupled

with the equipment bias from the B3I signal. Consequently, the total group delay (TGD)

correction should be applied when using the B1I signal for smartphone positioning. The

pseudorange observation of BDS satellites with broadcast products can be expressed as:

P
s(BDS)
r,B1I =ρs(BDS)

r,B1I + (cdtr + br,PBsI
) − (dts + bs

PBsI
) + γiI

s
r,B1I +MrTr + Ss

B1I+

(br,PB1I
− br,PB3I

) − (bs
PB1I

− bs
PB3I

) + εPB1I

(6.9)

However, this SISRE estimation is not applicable in smartphone single-frequency pro-

cessing due to rank deficiency issues. Consequently, this research introduces additional pro-

cess noise to the carrier-phase ambiguities, under the assumption that unmodelled SISRE

errors are partially absorbed in the estimated float ambiguities. It has been demonstrated

that the aforementioned two approaches yield comparable performance in PPP processing

with broadcast products (Carlin et al., 2021). For smartphone processing, the process noise
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standard deviation σp for ambiguity needs to be amplified to 0.3 m to absorb the SISRE

because of the noisy measurements.

To gain a deeper understanding of the distinctions resulting from various products and

to highlight the advantages of the proposed "HASandBRDC PPP" approach, various posi-

tioning strategies are employed in this chapter. Table 6.3 provides details on the orbit, clock,

and constellations information utilized for different smartphone positioning strategies.

Table 6.3: Orbit, clock, and constellations information for different smartphone positioning
strategies

Processing
strategies Orbit and clock products Satellite code biases Constellations

and observations
SPP Broadcast ephemeris N/A GE (code-only)

HAS PPP HAS corrections HAS OSB (GE) GE (code+phase)
BRDC PPP Broadcast ephemeris HAS OSB (GE) GE (code+phase)

CNES PPP CNES ultra-rapid
products CAS DCB (GREC) GE, GREC

(code+phase)
HASandBRDC

PPP
HAS + broadcast

ephemeris
HAS OSB (GE) +

TGD (C)
GREC

(code+phase)

6.4 Results and analysis

This section first offers a thorough evaluation of the HAS and broadcast products for both

2022 and 2023. Subsequently, it delves into the analysis of smartphone horizontal posi-

tioning performance employing the developed processing strategies. Table 6.4 summarizes

the dataset details, including the identification, phone models used, collection date, and

duration for each dataset.

Table 6.4: Summary of four road tests

Dataset identification Phone used Collection date Time duration
1 S21+ Oct. 9, 2022 21 mins
2 MI 8 Oct. 10, 2022 28 mins
3 S21+ Jul. 26, 2023 36 mins
4 S21+ Jul. 31, 2023 25 mins
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6.4.1 HAS and broadcast products assessment

The availability of HAS data was initially assessed for the years 2022 and 2023. The analysis

period for the 2022 test extends over one week from October 5 to October 11, involving the

timeframe of datasets 1-2. The analysis period for 2023 also spans one week from July 26

to August 1, covering the timeframe of datasets 3-4. Both the presence and validity times

of HAS orbit and clock corrections are considered when calculating HAS availability.

Figure 6.3 depicts the availability of satellite-specific HAS corrections for both GPS

and Galileo constellations, and the corrections availabilities for the years 2022 and 2023

are represented by orange and green bars, respectively. The results reveal that the HAS

corrections availability for Galileo satellites is slightly higher than that for GPS satellites.

Although G26 HAS corrections available in 2023 is less than 60% for unknown reasons, the

availability of both GPS and Galileo HAS corrections shows a significant improvement in

2023 compared to 2022. Specifically, the average availability of GPS HAS corrections has

increased from 82% to 92%, while the average availability of Galileo HAS corrections has

seen an improvement from 91% to 99%, which meets the targeted performance (EUSPA,

2020). This enhancement may be attributed to the continued development and maturation

of the HAS system as it transitioned from HA testing Phase 0 to Phase 1 in 2023.

Figure 6.3: HAS corrections availability comparison for Galileo (upper plot) and GPS
satellites (lower subplot) for years 2022 and 2023
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In Figure 6.4 and Figure 6.5, the total SISRE analysis is presented for GPS and Galileo

satellites in 2022 and 2023, respectively. The green and red bars represent the average total

SISRE values for each satellite, calculated from broadcast ephemeris with and without HAS

corrections, respectively. Two noteworthy observations can be made from the results. Firstly,

it is confirmed that the GPS constellation exhibits significantly larger orbit and clock errors

with LNAV ephemeris compared to the Galileo constellation with I/NAV ephemeris. This

result is expected and can be attributed to the use of highly stable hydrogen maser clocks

onboard Galileo satellites and the higher upload rate of Galileo broadcast information.

Conversely, the utilization of HAS corrections proves to have a more substantial impact on

GPS satellites, enabling the final SISRE of GPS satellites to exhibit comparable performance

against Galileo satellites after applying HAS corrections. Secondly, it is observed that the

HAS SISRE remains at the same level of accuracy in 2023 compared to 2022 for both GPS

and Galileo constellations. This consistency can be attributed to the absence of any increase

in the utilization of Galileo Sensor Stations, which plays a crucial role in generating HAS

corrections.

Figure 6.4: Total SISRE analysis for GPS and Galileo satellites from October 5 to October
11, 2022. The green and red bars represent the average total SISRE values for each

satellite with and without HAS corrections, respectively
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Figure 6.5: Total SISRE analysis for GPS and Galileo satellites from July 26 to August 1,
2023. The green and red bars represent the average total SISRE values for each satellite

with and without HAS corrections, respectively

Correspondingly, Table 6.5 provides an overview of the overall statistics of orbit and clock

errors with and without HAS corrections for a one-week duration in 2023. It is important

to note that satellite E12 has been excluded from the statistics computation due to its HAS

SISRE exhibiting comparatively large values compared to other satellites. This discrepancy

may be associated with systematic biases generated from the nature of the HAS clock and

requires further investigation. The results suggest that the utilization of HAS corrections

proves to be beneficial in reducing errors for both GPS and Galileo broadcast ephemeris.

Specifically, the GPS clock rms and total SISRE are reduced from 91.7 cm to 15.2 cm

and 93.5 cm to 15.8 cm, respectively. Concurrently, the Galileo clock rms and total SISRE

are reduced from 23.6 cm to 10.6 cm and 23.9 cm to 11.3 cm, respectively. These findings

underscore the significant potential of HAS corrections in enhancing PPP performance.

Table 6.5: Statistics of orbit and clock errors with and without HAS corrections from July
26 to August 1, 2023 (unit: cm)

Products Radial-
track rms

Along-
track rms

Cross-
track rms

Clock
rms

Total
SISRE

GPS HAS 3.4 13.0 8.1 15.2 15.8
GPS LNAV 24.3 89.4 50.3 91.7 93.5
Galileo HAS 2.7 8.0 7.5 10.6 11.3

Galileo I/NAV 11.9 24.9 18.6 23.6 23.9
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To better appreciate the distribution and inherent characteristics of HAS SISRE, Figure

6.6 displays the probability distribution function (PDF) and Kernel density estimation

(KDE) of Galileo and GPS SISRE, and green and blue represent the SISRE with and

without HAS corrections, respectively. The results indicate that, in comparison to broadcast

ephemerides, the distribution of HAS products is closer to a Chi-squared distribution.

Figure 6.6: Galileo and GPS SISRE PDF and KDE from July 26 to August 1, 2023. The
green and blue colours represent the SISRE with and without HAS corrections,

respectively

To assess the accuracy of HAS OSBs, DCB products from the Chinese Academy of

Sciences (CAS) are employed as a reference. Figure 6.7 indicates that the differences in

DCB between HAS and CAS products are at the sub-nanosecond level, exhibiting rms

values of 0.19 ns, 0.23 ns, 0.16 ns, and 0.19 ns for C1C-C5Q, C1C-C7Q, C1C-C6C, and

C1C-C2L, respectively. This analysis aligns with the previous conclusion that HAS OSB

accuracy remains consistent with the levels observed in 2022 (Naciri et al., 2023).
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Figure 6.7: DCB differences of HAS and CAS products from July 26 to August 1, 2023

6.4.2 Smartphone positioning performance comparison using SPP, HAS
PPP, and BRDC PPP with GPS and Galileo constellations

Figure 6.8 shows the time series of smartphone horizontal positioning performance for

dataset 1. The conventional GNSS SPP solutions are represented by red lines, while the

PPP with broadcast ephemeris (BRDC PPP) and HAS corrections (HAS PPP) are repre-

sented by blue and green lines, respectively. To ensure a fair comparison and to appreciate

the benefits of using HAS corrections, the number of processed GPS and Galileo satellites

is kept the same for both HAS PPP and BRDC PPP. Correspondingly, Figure 6.9 shows

the time series of the number of processed satellites and observations for SPP and HAS

PPP solutions. It is evident that although the SPP solution contains a larger number of

processed satellites compared to HAS or BRDC PPP due to the limited availability of HAS

corrections, the smartphone GNSS-PPP solutions demonstrate more accurate and stable
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positioning performance against GNSS-SPP. This improvement is attributed to the incor-

poration of precise carrier-phase measurements.

Figure 6.8: Time series of horizontal positioning errors for dataset 1

Figure 6.9: Time series of the number of processed satellites and observations for dataset 1

In Figure 6.10, the box plot illustrates the positioning errors processed by SPP, BRDC

PPP, and HAS PPP methods, which are represented in red, blue, and green bars, respec-

tively, for datasets 1 to 4. The coloured bins represent the interquartile range (IQR) from the

first quartile (Q1) to the third quartile (Q3), while the distance between the whiskers and
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the bin equals 1.5 times the IQR, indicating the range of error distribution without outliers.

It is evident from the plot that the inclusion of HAS corrections enhances the accuracy

of PPP solutions, effectively reducing positioning errors with smaller whiskers compared

to SPP and BRDC PPP solutions. As highlighted in Table 6.6, there is an approximate

horizontal positioning improvement of 0.1 m, 0.2 m, and 0.2 m in the horizontal domain for

overall rms, 95th percentile errors, and 68th percentile errors, respectively, with the inclusion

of HAS corrections.

Figure 6.10: Box plot of positioning errors processed by SPP (red), BRDC PPP (blue),
and HAS PPP (green) in the horizontal direction for overall datasets 1-4

Table 6.6: Overall horizontal statistics for all tested four datasets processed by SPP, BRDC
PPP, and HAS PPP (unit: m)

Processing strategies RMS STD 95th errors 68th errors
SPP (GE) 3.3 1.9 6.1 3.4

BRDC PPP (GE) 2.1 1.1 3.5 2.3
HAS PPP (GE) 2.0 1.1 3.3 2.1
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6.4.3 Smartphone PPP performance (GREC) with the combination of
HAS and broadcast ephemeris

Figure 6.11 shows the time series of smartphone positioning performance for dataset 1 in the

horizontal domain. The PPP solutions processed with HAS and CNES products for the GPS

and Galileo constellations are represented in red and orange lines, respectively; the PPP

solutions processing with the combination of HAS and broadcast ephemeris (HASandBRDC

PPP) and CNES products (CNES PPP) with GREC four constellations are represented in

green and blue lines, respectively. As expected, CNES PPP GE and GREC solutions show

superior accuracy and stability in contrast to the other solutions. The performance discrep-

ancy is attributed to the higher accuracy and availability of CNES ultra-rapid products

compared to HAS and broadcast products. Additionally, the inclusion of GLONASS and

BeiDou satellites makes a significant contribution to the overall positioning performance.

As illustrated in Figure 6.12, the average number of processed satellites and observations for

HASandBRDC PPP with GREC constellations is 20.3 and 55.5, respectively, significantly

surpassing those of HAS PPP solutions with GE constellations, which are 11.6 and 38.4.

Figure 6.11: Time series of horizontal error for dataset 1, and the red, orange, green, and
blue lines represent the positioning performance produced by HAS PPP (GE), CNES PPP

(GE), HASandBRDC PPP (GREC) and CNES PPP (GREC) methods, respectively
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Figure 6.12: Time series of the number of processed satellites and observations for dataset
1, and the red and green lines represent the results processed by HAS PPP (GE) and

HASandBRDC PPP (GREC) methods, respectively

In Figure 6.13, the overall experimental PDF and cumulative distribution function

(CDF) in the horizontal direction for tested four datasets are presented. The solutions

processed by HAS PPP (GE), CNES PPP (GE), HASandBRDC PPP (GREC), and CNES

PPP (GREC) are represented in red, orange, green, and blue, respectively. Correspondingly,

Table 6.7 provides the overall statistics for the four processing strategies. It is anticipated

that PPP solutions with the CNES ultra-rapid products outperform solutions utilizing HAS

corrections or broadcast products due to the lower SISRE involved in processing. However, it

appears that the tradeoff of incorporating higher SISRE is relatively minor when considering

the benefits gained from including additional constellations in the processing. Noticeably,

the proposed HASandBRDC PPP algorithm improves the horizontal rms, standard devia-

tion, 95th percentile error, and 68th percentile error from 2.0 m, 1.1 m, 3.3 m, and 2.1 m to

1.6 m, 0.9 m, 2.4 m, and 1.6 m, respectively, when compared to the HAS PPP GE solutions.
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The proposed method also provides a comparable performance against CNES PPP GREC

solutions, demonstrating significant potential in utilizing HAS corrections and broadcast

ephemeris information, which users can directly access from satellites in real-time for the

mass-market PNT applications.

Figure 6.13: Overall horizontal errors PDF and CDF for all tested four datasets, and the
red, orange, green, and blue lines represent the positioning performance produced by HAS

PPP (GE), CNES PPP (GE), HASandBRDC PPP (GREC) and CNES PPP (GREC)
methods, respectively

Table 6.7: Overall horizontal statistics for all tested four datasets processed by HAS PPP
(GE), CNES PPP (GE), HASandBRDC PPP (GREC) and CNES PPP (GREC) (unit: m)

Processing strategies RMS STD 95th errors 68th errors
HAS PPP (GE) 2.0 1.1 3.3 2.1

CNES PPP (GE) 1.8 0.7 2.6 1.9
HASandBRDC PPP (GREC) 1.6 0.9 2.4 1.6

CNES PPP (GREC) 1.4 0.8 1.9 1.4

6.4.4 Smartphone PPP performance (GREC) with IMU integration

To mitigate the PPP gross errors caused by GNSS outages in realistic driving environ-

ments, this research further integrated the smartphone IMU measurements with GNSS
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measurements in a tightly-coupled mode. Figure 6.14 presents the time series of horizontal

positioning errors processed by HASandBRDC PPP (blue line) and PPP/IMU (green line)

solutions for dataset 1 and dataset 4. It is worth noting that compared to dataset 1, dataset

4 poses more challenges for smartphone positioning due to frequent signal losses caused by

harsh traffic conditions during traffic rush hours.

Figure 6.14: Time series of horizontal positioning error for datasets 1 and 4, and the blue
and green lines represent the positioning performance produced by HASandBRDC PPP

and HASandBRDC PPP/IMU with GREC constellations, respectively

Figure 6.15 summarizes the horizontal statistics for the tested four datasets, where

the blue and green bars represent the horizontal maximum errors and rms processed by

HASandBRDC PPP solutions, and the lighter colours represent those statistics obtained

from HASandBRDC PPP/IMU solutions. As dataset 3 was conducted in open-sky and

suburban roads with relatively good GNSS observation conditions, experienced minimal

impacts from the IMU. In contrast, the integrated PPP/IMU solutions prove effective in

reducing GNSS outliers for datasets 1, 2, and 4, resulting in a more accurate and robust
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smartphone positioning performance. Specifically, the PPP/IMU solution notably reduces

horizontal maximum errors by approximately 59%, leading to an overall rms reduction of

0.1 m. This highlights the effectiveness of the integrated PPP/IMU approach in enhancing

positioning accuracy.

Figure 6.15: Overall horizontal errors statistics for tested four datasets. The green and
blue bars represent the horizontal maximum error and rms obtained from HASandBRDC
PPP solutions, respectively, and the light colours indicate their HASandBRDC PPP/IMU

solutions

6.5 Summary

This chapter has presented a comprehensive assessment of the Galileo HAS and its potential

impact on smartphone PPP in realistic driving conditions. By leveraging HAS corrections

and broadcast ephemeris, the proposed algorithm demonstrated notable improvements in

smartphone navigation, offering precise positioning capabilities with the information dis-

seminated directly from satellites.
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First, this research conducted a comprehensive comparison of the HAS corrections and

corresponding GPS LNAV and Galileo I/NAV broadcast ephemerides for the years 2022 and

2023. The findings revealed a significant improvement in the availability of both GPS and

Galileo HAS corrections in 2023 compared to 2022, with Galileo HAS corrections achieving

a remarkable 99% availability, meeting the targeted performance standards (EUSPA, 2020).

Moreover, the SISRE analysis demonstrated that HAS corrections can notably enhance the

SISRE introduced by broadcast products, particularly for GPS satellites. For instance, the

GPS clock rms and total SISRE were reduced from 91.7 cm to 15.2 cm and 93.5 cm to 15.8

cm, respectively.

Additionally, the analysis of the four vehicle experimental solutions revealed that the

HAS PPP solutions exhibited superior performance compared to PPP solutions utilizing

broadcast ephemerides, resulting in a reduction of 0.1 m and 0.2 m in horizontal rms and

95th percentile errors, respectively. Additionally, the combination of HAS corrections and

broadcast ephemerides in smartphone PPP (HASandBRDC PPP) presented significant im-

provement when compared to HAS PPP solutions. This combination led to a decrease in the

overall rms and 95th percentile error from 2.0 m and 3.3 m to 1.6 m and 2.4 m, respectively.

The integration of smartphone IMU measurements can further improve the horizontal rms

from 1.6 m to 1.5 m.

To sum up, this research introduced an augmented PPP algorithm that leverages HAS

corrections and broadcast ephemerides, relying entirely on satellite-disseminated informa-

tion. This enables real-time precise applications even in remote regions with limited Internet

connections. Validated by vehicle experiments in urban environments, the results indicate

that the HASandBRDC PPP solutions notably enhance positioning accuracy by incorporat-

ing GLONASS and BeiDou satellites with broadcast information into the processing. While

there remains a slight performance discrepancy compared to PPP solutions utilizing CNES

ultra-rapid products, the proposed HASandBRDC PPP/IMU algorithm achieves an overall

rms of 1.5 m, demonstrating performance comparable to previous real-time smartphone

PPP studies (Wang et al., 2021; Li et al., 2022b).
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Chapter 7

Conclusions and recommendations
for future work

The proliferation of GNSS-enabled smartphones has introduced considerable challenges to

achieving precise positioning. Due to the inherent limitations of smartphone-grade, linearly

polarized antennas and GNSS chipsets, traditional SPP methods typically only yield posi-

tioning at the accuracy of around 10 m, falling short of the increasing demands of the GNSS

downstream market. Motivated by these challenges, this dissertation aimed to address these

issues and comprehensively investigate the performance of low-cost smartphone positioning

across various environments. Building upon the research outlined in the preceding chapters,

significant advancements have been made in smartphone positioning performance by de-

veloping new positioning algorithms and integrating smartphone-native sensors. With the

investigations and progress made thus far, the research questions posed can be addressed,

and the objectives of achieving precise smartphone navigation with lane-level precision are

attainable with the proposed algorithms in this dissertation. This chapter provides com-

prehensive conclusions based on the research questions and suggests recommendations for

future studies aimed at further enhancing smartphone positioning.

7.1 Conclusions

The pursuit of real-time accurate smartphone positioning represents an ongoing research

endeavour within the GNSS community. The primary challenges revolve around addressing
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noisy measurements and constraints posed by limited tracking signals, as well as combating

significant positioning degradation during GNSS outages. Additionally, traditional real-

time PPP and RTK methods necessitate nearby infrastructure, such as base stations for

RTK or Internet connections for receiving RTCM streams for PPP, thereby limiting precise

smartphone applications in remote areas. To address these obstacles, this research has made

significant contributions across four main areas, which are summarized as follows:

1. Applying GIM as an external ionospheric constraint with additional receiver DCB

estimation to reduce the convergence time and enhance the positioning accuracy in

smartphone PPP processing.

2. Enhancing smartphone PPP processing by optimizing the utilization of single- and

dual-frequency observations, including pseudorange-only measurements, which are

typically omitted in traditional PPP processing. Implementing an adaptive post-fit

residual rejection quality control method to improve smartphone positioning perfor-

mance in dynamic and challenging environments.

3. Evaluating smartphone positioning performance using both PPP and RTK configura-

tions, and introducing a novel PPP and RTK hybridization algorithm to address the

limitations of each technique. Additionally, investigating the performance of smart-

phone native IMU and integrating GNSS/IMU in tightly-coupled mode with initial-

ization and re-sampling, pre-processing methods to improve smartphone positioning

accuracy, particularly in GNSS blockage environments.

4. Assessing the PPP performance by comparing the utilization of the state-of-the-art

Galileo HAS with the PPP performance of CNES ultra-rapid and broadcast orbit and

clock products. Proposing a novel algorithm that leverages HAS and broadcast data

to enable real-time PPP for smartphone positioning, incorporating IMU integration

for enhanced positioning accuracy.
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7.1.1 Effects of PPP-IC on smartphone navigation (Chapter 3)

Though not a novel concept, it is well known that PPP convergence and initialization can

be significantly improved through accessing the slant ionospheric information (Odijk, 2002;

Tu et al., 2013; Banville et al., 2014). Therefore, there is a growing trend to utilize the

uncombined PPP and with ionospheric constraints (PPP-IC) as an alternate approach in

the precise positioning community. However, the significance of PPP-IC for smartphone

positioning remains unclear and deserves investigation. Given that, Chapter 3 applies the

uncombined PPP-IC model with the GIM to reduce the initialization errors and convergence

time for smartphone PPP.

Chapter 3 presents several noteworthy contributions by applying PPP-IC technology for

three different grades of GNSS receivers, namely geodetic NovAtel OEM7, low-cost SwiftNav

Piksi, and smartphone MI 8. With the aid of the GIM information and DCB estimation,

the static and kinematic solutions verify that PPP-IC is a promising approach and has

a greater impact on MI 8 and Piksi compared to OEM7. The performance criteria were

assessed through convergence time, first epoch horizontal error, and horizontal rms over

the first 20 minutes. Additionally, further corrections analysis for the smartphone provides

insight into how ionospheric constraints affect PPP states. Based on these investigations,

the questions posed for research topic 1 are addressed as follows:

1. Whether the GIM ionospheric constraints help in terms of initialization for the dual-

frequency smartphone, low-cost and geodetic hardware PPP?

Yes, the answer to the first problem was validated through static and kinematic sce-

narios with and without ionospheric constraints, and results show that PPP-IC is

capable of mitigating the initialization positioning errors significantly, e.g., the static

experiment indicates that, with PPP-IC’s help, the horizontal rms in first 20 minutes

was improved about 57%, 26% and 23% for MI 8, Piksi and OEM7, respectively. Fur-

thermore, smartphone PPP-IC takes 14 minutes to reach the convergence threshold

of 1 metre, which is 11 minutes faster than conventional PPP.
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2. Whether the ionospheric constraints help under challenging environments for these

three different grades of GNSS receivers?

Certainly, this question is substantiated by the vehicle kinematic experiment con-

ducted across various challenging environments, including areas with dense vegeta-

tion and suburban regions characterized by significant multipath effects. The out-

comes reveal a noteworthy 72% enhancement in reducing horizontal rms error when

applying ionospheric constraints to the MI 8 smartphone in suburban experiments.

Specifically, the horizontal rms error decreased substantially from 15.9 m to 4.4 m,

with the standard deviation reduced from 8.5 m to 1.8 m. These findings underscore

the accuracy and consistency achievable with smartphone PPP-IC solutions, even in

challenging suburban environments. Despite the significant performance discrepancy

between smartphones and traditional GNSS receivers, PPP-IC methods effectively

narrow this gap.

3. How significant is the improvement of PPP-IC for the smartphone in comparison to

low-cost and geodetic-grade receivers?

Verified through both static and kinematic experiments, PPP-IC demonstrates a no-

tably positive impact, particularly for improving low-quality measurements before

convergence. In static reset experiments, PPP-IC yields significant enhancements for

the MI 8 smartphone within the initial 20 minutes. This results in a reduction of

horizontal errors at the first epoch for each reset time from an average of 6.9 m to

1.3 m, with the horizontal rms error decreasing from 1.7 m to 0.9 m. Similarly, in

the kinematic test conducted in a parking lot scenario, a substantial improvement

of 59% is observed in terms of smartphone horizontal rms error, surpassing that of

Piksi (12%) and OEM7 (8%). Although OEM7 PPP-IC exhibits a 74% reduction in

horizontal error at the first epoch, the corrected magnitude is not as significant as

that of Piksi and MI 8 (see Table 3.6). This discrepancy can be attributed mainly to

inherited errors from the GIM, ranging from 2 to 8 TECU, resulting in a difference of

32 to 130 cm on the L1 frequency.
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4. Do ionospheric constraints influence other PPP states, such as estimated receiver clock

offset and ambiguities?

Through the analysis of estimated corrections for the MI 8 smartphone, interestingly,

it was found that not only the estimated slant ionospheric delays, but also the tro-

pospheric delays, receiver clock offset, and float ambiguities estimation are affected

by ionospheric constraints. As depicted in Figures 3.12a-3.12d, the utilization of iono-

spheric constraints contributed to stabilizing the estimated float ambiguity estimates,

resulting in a reduction of the standard deviation from 3.1 m to 0.6 m. This improved

performance can be attributed to the additional information provided by the GIM,

which helps reduce errors in the estimated ionospheric delays. Consequently, these

more accurate ionospheric delay estimates, along with scaled ionospheric variance,

positively influence receiver clock offset and float ambiguities estimation, ultimately

leading to enhancements in smartphone PPP solutions.

7.1.2 Enhanced smartphone PPP model with adaptive quality control
method (Chapter 4)

Thanks to the emergence of multi-constellation, dual-frequency smartphone GNSS chipsets,

it is now possible to utilize more observations and manage the ionospheric delays by means

of, e.g., ionospheric-free combination, ionospheric error estimation, and ionospheric con-

straints (Chen et al., 2019; Wu et al., 2019; Yi et al., 2021). In this context, Aggrey et al.

(2020) comprehensively compared the PPP performance with four released smartphones

and an average horizontal error of 40 cm can be obtained for dual-frequency MI 8 solutions,

which was superior to single-frequency solutions, but the performance degraded to 6 m

in a kinematic test. Meanwhile, Wang et al. (2021) conducted a walking experiment and

achieved 0.85 m and 1.09 m in horizontal and vertical components, respectively, with the

aid of real-time ionospheric products. Zangenehnejad and Gao (2021) introduced the single-

and dual-frequency processing mode in smartphone processing.

However, it is noteworthy that previous studies have often overlooked the utilization

of all pseudorange and phase measurements for smartphone PPP processing, resulting in
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the exclusion of valuable measurements. Moreover, smartphone observations frequently en-

counter carrier phase signal loss, leading to the observation record of pseudorange-only

measurements for certain satellites. To optimize satellite geometry and leverage every avail-

able smartphone measurement, Chapter 4 proposes a novel PPP enhancement method. This

method involves utilizing all smartphone code and phase measurements, coupled with an

adaptive post-fit residual threshold rejection function designed to effectively filter out noisy

measurements. The analysis involves ten vehicle datasets collected in suburban driving en-

vironments, encompassing open-sky highways, vegetation roads, and suburban roads. Based

on these investigations, the research questions posed for research topic 2 can be addressed

as follows:

1. With regard to ultra-low-cost (smartphone-grade) hardware with an approximate cost

of $10, does pseudorange-enhanced PPP improve traditional PPP solutions and to

what extent in harsh environments?

This research employed the pseudorange-only measurements enhanced PPP algorithm

to leverage all available smartphone observations. Through the validation of ten vehicle

experiments, the results reveal comprehensive improvements. Compared to traditional

single- and dual-frequency PPP solutions, the proposed pseudorange-enhanced PPP

solutions demonstrate reductions in horizontal rms, standard deviation, mean error,

and 95th percentile error from 2.8 m, 1.9 m, 2.1m, and 5.5 m to 1.7 m, 0.8 m, 1.3 m,

and 2.1 m, respectively. A significant level of 46% improvement with 1.7 m overall

horizontal rms can be achieved with the enhanced PPP, which notably surpasses

conventional PPP solutions in smartphone processing. However, it is observed that

the inclusion of pseudorange-only observations can be occasionally detrimental to

PPP processing owing to the noisy measurements, which places higher requirements

for GNSS quality control methods.

2. Assessed through the range error correlation analysis, which indicators among the

satellite elevation, C/N0 value, pre-fit residuals, and post-fit residuals can infer smart-

phone measurement quality?
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The range error analysis depicted in Figure 4.10 illustrates scatter diagrams and corre-

lation analyses between smartphone pseudorange range errors and several parameters:

pre-fit residuals, post-fit residuals, signal strength, and satellite elevation. The results

explicitly indicate that post-fit residuals exhibit the strongest positive correlation (0.67

on L1 frequency and 0.55 on L5 frequency) with range errors among other parame-

ters. This suggests that utilizing post-fit residuals as a criterion for distinguishing

measurement quality is more suitable and effective in smartphone positioning com-

pared to other indices. However, it is also important to note that in rare cases, post-fit

residuals may be deceptive compared to actual range errors. For instance, in Figure

4.10, there are instances where measurements display small post-fit residuals but large

range errors.

3. How to form the adaptive post-fit residual rejection function according to the learning

statistic? And what is the ‘best’ GNSS PPP solution with smartphone-grade GNSS

chipset and antenna that can be attained in real-world driving environments?

This research introduced a novel adaptive post-fit residual rejection threshold aimed

at identifying and excluding measurement outliers, while retaining valuable mea-

surements. This adaptive threshold is determined through a three-segment function,

as illustrated in Equation (4.7) and Equation (4.8). The learning statistics used to

determine the adaptive threshold are derived from the ratio of visible satellites to

pseudorange-only satellites, which can also be determined by other indicators such as

PDOP that reflect the GNSS conditions. Based on experimental solutions, it is con-

cluded that the enhanced PPP with adaptive post-fit residual rejection threshold can

provide improved solutions among other traditional PPP strategies, and correspond-

ing statistics indicate that the proposed algorithm can attain 1.8 m, 1.3 m, and 1.4 m

horizontal positioning performance in 95th percentile error, 68th percentile error, and

overall rms, respectively, under different driving environments.
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7.1.3 Smartphone PPP and RTK hybridization with internal IMU (Chap-
ter 5)

In 2016, Google announced the availability of code and phase raw measurements to smart-

phone users (Malkos, 2016), enabling more precise positioning techniques such as RTK

and PPP, both of which are capable of delivering centimetre-level positioning in minutes

with a standalone geodetic receiver (Zumberge et al., 1997; Eckl et al., 2001; Bisnath and

Gao, 2009). In this context, Warnant et al. (2018) evaluated MI 8 positioning performance

with ultra-short baseline, and their GPS+Galileo RTK solutions can achieve decimetre-

level accuracy in static environments. Similarly, Dabove and Di Pietra (2019a) confirmed

that the MI 8 has the capacity to reach centimetre-level precision with the single-baseline

RTK approach. A subsequent contribution from Aggrey et al. (2020) compared the PPP

performance with four released smartphones in static and kinematic environments, and the

results indicated that an average of 60 cm and 40 cm horizontal positioning accuracy can

be achieved for single-frequency and dual-frequency smart devices, respectively. Chen et al.

(2019) and Wu et al. (2019) also proved that MI 8 is capable of providing decimetre-level

PPP solutions in open-sky scenarios with final or real-time products.

However, both RTK and PPP have their own drawbacks. RTK requires a nearby GNSS

infrastructure to serve as the base station, and its service accuracy is highly restricted

by the baseline length. Conversely, PPP does not need an additional base station, but its

convergence time is much longer than RTK due to the consideration of more errors, such as

receiver clock and atmospheric errors. Furthermore, there is a growing need to provide robust

and accurate solutions for smartphone applications in challenging GNSS environments with

severe signal blockages. Addressing these issues, Chapter 5 proposes a novel PPP/RTK

hybridization algorithm to leverage the advantages of both PPP and RTK in positioning.

Additionally, this research integrates the smartphone’s IMU with GNSS measurements in a

tightly-coupled mode to further enhance the robustness and accuracy of the final solutions.

Based on these investigations, the research questions raised by topic 3 can be addressed as

follows:
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1. In realistic driving scenarios, how comparable is the ionospheric-constrained smart-

phone PPP solution to RTK performance?

Without regard to the convergence period at the beginning, PPP is capable of pro-

viding the same grade of positioning accuracy as RTK for smartphone navigation.

Validated by three vehicle experiments around York University, Toronto, Canada,

RTK configuration can deliver better positioning solutions regarding 95th and 68th

percentile errors. In contrast, PPP solutions are able to provide 2.1 m overall rms

in realistic driving environments, which is more accurate than RTK solutions, due

mainly to the negative impacts of GNSS outliers. This finding indicates that smart-

phone PPP has the capability to achieve RTK-like performance without limitations

from the base station, which has not been seen in the existing literature.

2. How does tightly-coupled IMU integration behave on RTK and PPP modes under dif-

ferent multipath profiles? Does the inclusion of smartphone native IMU harm the PPP

or RTK solutions?

Generally speaking, the inclusion of IMU does no harm to GNSS-only solutions since

tightly-coupled solutions heavily rely on these GNSS-pure solutions in epochs with

good GNSS availability. Correspondingly, TC solutions offer little position improve-

ment for 95th and 68th percentile errors (see Figure 5.18). However, the integration

of smartphone internal IMU can mitigate positioning gross errors significantly during

GNSS outages, and significant levels of 34.8% and 19.0% improvement in horizon-

tal overall rms are observed from RTK and PPP solutions, respectively. Thereby,

the tightly-coupled smartphone GNSS/IMU solution has the capability to provide

consistent horizontal positioning accuracy with overall rms <2 m through multiple

multipath profiles.

3. How does the proposed hybridization algorithm perform in comparison to RTK and

PPP? And what is the optimal solution that smartphone precise positioning can achieve

now with GNSS and IMU measurements in real-world driving environments?
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Based on experimental solutions and statistics, it is confirmed that the proposed

hybridization algorithm captures the advantages of both RTK and PPP strategies.

By adjusting the solution weights according to the estimated precision values, the

PPP/RTK hybrid solutions can achieve 2.3 m of 95th percentile positioning accuracy

and 2.0 m overall rms, which outperforms other GNSS-only solutions. Furthermore, by

coupling with smartphone IMU, the hybrid solution accuracy can be further improved

with 1.4 m overall rms in real-world driving scenarios, which is an optimal solution

among other GNSS/IMU strategies and has not been seen in previous studies.

7.1.4 Smartphone navigation with Galileo HAS and broadcast products
(Chapter 6)

Instead of broadcasting corrections through the Internet, a recent development in position-

ing communities has witnessed the emergence of the direct broadcast of SSR corrections

via GNSS constellations, such as Japan’s QZSS CLAS and China’s BDS-3 B2b services

(Saito et al., 2011; Tao et al., 2021). In contrast to regional services, the European Union

is actively progressing in the development of the Galileo High Accuracy Service (Galileo

HAS). The HAS system is expected to play a pioneering role by offering free Signal-in-

Space corrections to users worldwide. Since January 24th, 2023 (EUSPA, 2023), Galileo

HAS successfully declared its initial services operational, and these corrections have been

accessible both through Galileo E6-B signals and HAS Internet Data Distribution service

since then.

The operational announcement of Galileo HAS initial service has sparked significant

interest in exploring the potential applications of HAS PPP in civil applications. Early trials

conducted by several studies investigated the accuracy of HAS corrections through metrics

such as SISRE and DCB differences (Hauschild et al., 2022; Fernandez et al., 2022). More

recently, Naciri et al. (2023) provided insight into the capabilities of live HAS test signals

in 2022, demonstrating that these signals could deliver Galileo and GPS orbit and clock

corrections with SISRE values of 10.6 cm and 11.8 cm, respectively. Despite this progress,

there has been no quantitative investigation into the use of low-cost smartphone sensors
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with HAS solutions in realistic driving scenarios. Additionally, due to hardware disparities,

smartphone processing with only two constellations cannot ensure sufficient observations in

GNSS processing. To fully utilize all observed measurements and the broadcast information

directly accessible from satellites, Chapter 6 introduces a new PPP/IMU algorithm utilizing

HAS corrections and broadcast ephemeris (HASandBRDC PPP) for smartphone processing.

Based on the results of vehicle experiments, the research questions raised by topic 4 can be

addressed as follows:

1. In comparison to the initial phase of Galileo HAS in 2022, how do the available HAS

corrections and associated broadcast ephemeris perform after the official HAS an-

nouncement in 2023, in terms of orbit and clock availability, SISRE, and SISRE

distribution

The evaluation of HAS corrections for the years 2022 and 2023 demonstrates notable

improvements in data availability. The average availability of GPS HAS corrections

increased from 82% to 92%, and the average availability of Galileo HAS corrections

rose from 91% to 99%. While there is no substantial enhancement in the accuracy

of HAS, the corrections prove effective in reducing SISRE for both GPS and Galileo

broadcast ephemerides. Additionally, the distribution of HAS SISRE closely resembles

a Chi-squared distribution, indicating a more consistent and reliable performance

against broadcast products.

2. For smartphone-based navigation, how does the HAS PPP solution perform compared

to traditional SPP and PPP with broadcast ephemeris (BRDC PPP) with GPS and

Galileo constellations?

As anticipated, both HAS PPP and BRDC PPP solutions exhibit superior perfor-

mance compared to SPP solutions, primarily due to the inclusion of additional carrier-

phase measurements. Notably, the utilization of HAS corrections contributes to further

improvements in overall positioning performance. In comparison to BRDC PPP, it is
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evident in the reduction of overall rms, 95th percentile errors, and 68th percentile

errors from 2.1 m, 3.5 m, and 2.3 m to 2.0 m, 3.3 m, and 2.1 m, respectively.

3. In realistic driving conditions, how does the proposed smartphone PPP with the combi-

nation of HAS corrections and broadcast ephemeris (HASandBRDC) behave compared

to the smartphone PPP solution using traditional Internet-based ultra-rapid products

with a full four constellations? Additionally, how does the inclusion of the smartphone

IMU measurements impact the overall performance?

Though smartphone PPP solutions with CNES products exhibit superior performance

against other PPP solutions due to their higher product quality, the proposed smart-

phone PPP with the combination of HAS corrections and broadcast ephemeris demon-

strates favorable behaviour compared to the HAS PPP solutions. The benefits of in-

corporating GLONASS and BeiDou satellites far outweigh the tradeoff of the higher

SISRE inclusion associated with broadcast ephemerides. This leads to a reduction in

the overall rms and 95th percentile error from 2.0 m and 3.3 m to 1.6 m and 2.4 m, re-

spectively, which is highly comparable to the PPP solutions with GREC constellations

using CNES ultra-rapid products. Furthermore, the PPP/IMU solution showcases its

effectiveness by diminishing horizontal maximum errors from 10.8 m and 17.4 m to

5.8 m and 7.2 m for datasets 1 and 4, resulting in a 10 cm enhancement in the overall

horizontal rms.

7.1.5 Smartphone positioning progress contributed by this dissertation

"Every mountain top is within reach if you just keep climbing", Barry Finlay, an author and

mountaineer, said in his book "Kilimanjaro and Beyond: A Life-Changing Journey". This

sentiment resonates with the challenges faced in smartphone positioning, akin to climbing to

the top of a perilous peak. As shown in Figure 7.1, initially, relying on the internal smart-

phone positioning solution using SPP and single-constellation satellites can yield highly

biased results, with positioning rms exceeding dozens of metres (Shinghal, 2020). Such ac-

curacy falls far short of the precision required for, e.g., vehicle lane-level applications.

155



With the advent of smartphones supporting dual-frequency capabilities, dual-frequency

smartphone PPP solutions, utilizing both GPS and Galileo constellations, have achieved an

accuracy of 7 m. Expanding on this, this research employed GIM to constrain ionospheric

delay errors in PPP processing, resulting in dual-frequency PPP-IC solutions with a hori-

zontal rms of 3.1 m in kinematic parking lot environments (Yi et al., 2021). Additionally, this

research further enhanced PPP solutions by incorporating both single- and dual-frequency

observations, including pseudorange-only measurements, to optimize satellite geometry. An

adaptive quality control method was proposed to effectively remove measurement outliers.

With these advancements, the enhanced PPP solutions reached a horizontal rms level of

1.5 to 2 m (Yi et al., 2022, 2024). Continuing our research, a hybrid PPP and RTK algo-

rithm is proposed, along with tightly-coupled integration of smartphone GNSS and IMU

raw measurements. These solutions consistently provided horizontal rms better than 1.5 m,

even in challenging GNSS environments (Yi and Yang, 2023). Lastly, this research explored

Galileo High Accuracy Services (HAS) PPP and proposed a method that combines HAS

and broadcast products for smartphone navigation, achieving a smartphone positioning rms

of 1.5 m in real-time mode, solely relying on information from satellites and smartphones.

Figure 7.1: Smartphone positioning climbing map for this dissertation
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7.2 Recommendations

While achieving centimetre-level smartphone PPP performance in realistic driving environ-

ments remains a challenge, this dissertation has made significant contributions in narrowing

the performance gap between smartphones and other geodetic and low-cost GNSS receivers.

However, there are still some limitations for improvement in future work. For instance, this

dissertation did not leverage phase biases and the Decoupled Clock Model (DCM) model for

PPP with Ambiguity Resolution (PPP-AR). The journey towards achieving high accuracy

performance is ongoing, and there is no end in sight as long as further improvements are

the goal. It is anticipated that centimetre-level smartphone positioning performance can be

attained in the near future with continued research and efforts. In light of this, recommen-

dations for future work are provided based on the current progress made in this dissertation

to further enhance the robustness, accuracy, and reliability of smartphone positioning in

urban driving environments.

7.2.1 PPP-AR for smartphone navigation

Ambiguity Resolution (AR) is a promising technique in reducing convergence time and

initialization errors in PPP processing. It leverages the integer nature of carrier phase

ambiguity to eliminate the waiting time typically required for float ambiguities to converge.

Over the past few decades, numerous studies have explored AR in GNSS applications,

resulting in the development of several AR models such as the DCM (Collins et al., 2008),

Fractional Cycle Biases (FCB) model (Ge et al., 2008), and Integer Recovery Clock (IRC)

model (Laurichesse et al., 2009). These models have demonstrated their equivalence in the

mathematical domain and their ability to enhance user positioning performance (Teunissen

and Khodabandeh, 2015). To efficiently and accurately fix ambiguities, widely used methods

include the Least-squares AMBiguity Decorrelation Adjustment (LAMBDA) and the Best

Integer Equivariant (BIE) approach (Temiissen, 1995; Teunissen, 2003).

AR is also a significant research area in smartphone navigation. Recent studies by

Geng and Li (2019) and Wen et al. (2020) have demonstrated the feasibility of achiev-
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ing centimetre-level AR solutions for RTK and PPP, respectively, with the aid of external

geodetic antennas. However, achieving AR in PPP with internal smartphone-grade GNSS

receivers and antennas remains challenging owing to noisy measurements. Therefore, smart-

phone PPP-AR is expected to be a focal point of research, with a potential approach to

use the widelane (WL) combination with regional ionospheric and tropospheric corrections,

which is expected to improve the success rate of smartphone AR and ultimately achieve

centimetre-level accuracy in realistic driving environments.

7.2.2 HAS PPP-AR and PPP-RTK analysis

Galileo High Accuracy Services has emerged as a pioneer in providing GPS and Galileo

precise orbit, clock, and bias corrections globally. Unlike other PPP services which rely

on denser reference stations, current HAS corrections are generated by 15 Galileo Sensors

Stations and related infrastructures, and they are broadcasted within the Galileo C/NAV

navigation message through the E6B signal at 1278.75 MHz (de Blas et al., 2023). Since

January 24th, 2023, Galileo HAS successfully declared its initial services operational, and

these corrections have been accessible both through Galileo E6B signals and HAS Internet

Data Distribution (IDD) service since then (EUSPA, 2023).

Currently, Galileo HAS operates at Service Level 1, and it is expected that HAS will

soon disseminate satellite phase biases, paving the way for PPP-AR. Moreover, Galileo HAS

is anticipated to expand its services to include atmospheric corrections for the European

coverage area at Service Level 2, enabling the feasibility of PPP-RTK. With these advance-

ments, the application of HAS PPP and HAS PPP-RTK for low-cost sensors would be an

appealing topic for future research work.

7.2.3 HAS and other regional GNSS augmentation services combination

Instead of broadcasting corrections through the Internet, a recent development in position-

ing communities has witnessed the emergence of the direct broadcast of SSR corrections via

GNSS constellations. Alongside Galileo HAS, which broadcasts satellite precise corrections

globally, other GNSS augmentation services such as QZSS CLAS in Japan, MADOCA cov-
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ering the entire Asia-Oceania region, and BDS B2b services in China have been actively

providing accurate PPP-based services in their respective regional areas (Saito et al., 2011;

Tao et al., 2021; Kawate et al., 2023). More recently, an open Python toolkit CSSRlib

has been created to leverage SSR corrections from multiple free services, allowing for a

straightforward utilization of different augmented PPP services (Hirokawa et al., 2023).

However, there has been minimal research focusing on comparing the SISRE errors and

bias differences across different services, and the discrepancy in positioning performance

with different products remains unclear for users. Furthermore, the inherent SISRE errors

present in the broadcast products significantly impede the performance of the proposed

HASandBRDC smartphone PPP solution. Therefore, future research will concentrate on

integrating Galileo HAS with other regional GNSS augmentation services to improve cor-

rection accuracy and availability.

7.2.4 Adaptive robust EKF for smartphone PPP/IMU processing

There are numerous challenges exist and restrict the precision of smartphone positioning.

Either smartphone GNSS or IMU measurements are vulnerable to challenged environments,

indicating these raw observations are frequently contaminated with outliers. However, the

empirical Kalman Filter’s system noise covariance Q and measurement noise covariance R

are derived during the laboratory experiments or simulations, which cannot reflect the er-

rors from realistic and unexpected scenarios sometimes (Groves, 2013). In other words, the

key problem faced by the EKF is to balance the weight of the observations and prediction

states. In this context, the Sage-Husa Adaptive Extended Kalman Filter (SHAKF) was

initially proposed based on a time-varying noise statistical estimator for updating Q and R

(Sage and Husa, 1969). In this context, Liu et al. (2019a) introduced an updated SHAKF

method with improved computational efficiency, enabling real-time applications. Addition-

ally, Narasimhappa et al. (2019) modified the SHAKF to incorporate a time-varying noise

estimator and an Adaptive Robust Kalman Filter (ARKF), a three-segment approach is

used to evaluate the adaptive scale factor based on learning statistics.
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More recently, Vana (2023) applied the modified robust adaptive EKF in low-cost

GNSS/IMU integration, achieving a significant 55% improvement in horizontal rms. Sim-

ilarly, Raghuvanshi et al. (2023) validated the adaptive EKF in smartphone navigation,

demonstrating improvements in overall rms error ranging from 6% to 28%. Despite these

advancements, designing an optimal adaptive scale factor remains a challenging task, par-

ticularly in the context of smartphone processing. This challenge is primarily due to the

constraints imposed by low-cost hardware and the dynamic nature of driving environments.

Given these limitations, there is a need for further refinement of the SHAKF algorithm,

with a focus on selecting the suitable adaptive factor. Such modifications are expected to

make significant contributions to smartphone PPP/IMU integration, particularly in harsh

and unpredictable environments.

7.2.5 Smartphone GNSS PPP, IMU, and camera integration

While not a novel concept, previous studies have highlighted the potential of visual sensors

in optimizing GNSS/IMU performance, particularly in challenging GNSS scenarios with

long signal outages (Jonghyuk and Sukkarieh, 2004; Wang et al., 2008; Chu et al., 2012).

Qu et al. (2015) emphasized the importance of using an appropriate density of landmarks

to correct accumulated errors in visual-inertial odometry (VIO). Integration of a monocu-

lar camera has been shown to significantly enhance GNSS/IMU performance in PPP and

RTK processing (Li et al., 2019; Pang and Tiberius, 2020). Recently, Jiang et al. (2023)

demonstrated successful tight integrating of smartphone GNSS RTK with VIO, resulting

in a 25% improvement in horizontal accuracy and a 30% reduction in velocity estimation

error in kinematic tests.

Camera sensors are integral components of commercial smartphones, and smartphones

equipped with cameras have become the most popular devices for capturing photographs

worldwide (Dabove et al., 2017). However, image quality issues stemming from low-cost

hardware and small sensor sizes result in optical distortion, lens shading, and poor resolu-

tion, limiting the utility of smartphone camera positioning (Ashraf et al., 2020). In light

of these challenges, tightly-coupled GNSS/IMU/camera integration is expected to leverage
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the strengths of each sensor and provide enhanced solutions for smartphone navigation in

urban environments.

7.2.6 Smartphone navigation with AI

With the growing popularity of ChatGPT and Sora, artificial intelligence (AI) techniques

have significantly changed people’s lives and become an essential part of our daily lives. As

machine learning (ML) and neural network capabilities continue to advance, these emerging

technologies have also catalyzed new research avenues and product innovations for GNSS

technologies and applications. Countless publications have explored the application of ML

to address diverse challenges in GNSS, such as signal classification, navigation in complex

environments, and mitigation of multipath effects.

For instance, Goodall (2009) explored intelligent methods to determine Q and R in a

low-cost GPS/IMU navigation system. Sun et al. (2020a) conducted a comparative study of

decision tree (DT), k-nearest neighbour (KNN), and adaptive network-based fuzzy inference

system (ANFIS) in signal detection and classification. Kanhere et al. (2022) developed

deep neural networks (DNNs) to integrate information from available GNSS measurements,

demonstrating superior performance compared to traditional weighted least squares GNSS

solutions. Recently, Özarpacı et al. (2024) utilized four ML algorithms to enhance velocity

estimation with geodetic GNSS receivers. It is anticipated that AI techniques will prove to be

invaluable tools in enhancing smartphone positioning accuracy and reliability, particularly

in challenging environments.
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