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Abstract

The most e�cient positioning and navigation solutions for mass-market applications are

based on integration of data collected with several sensors installed on a user platform.

The ability of the system, both to measure a variety of physical e�ects and to generate

infrastructure-induced measurements, allows us to exploit strengths and to compensate, to

an extent, for vulnerabilities of individual sensors. GNSS remains a key building block

of integrated navigation systems; however, in urban scenarios it is negatively a�ected by

re�ection, attenuation, and blockage of radio signals. If unaccounted for, the GNSS per-

formance variation caused by the above e�ects may result in sub-optimal state estimation.

In a pursuit of a design allowing for a GNSS-based integrated navigation system to au-

tomatically adjust its parameters with respect to the surrounding GNSS environment, the

following aspects were investigated.

First, inaccurate speci�cation of noise covariances in a Kalman �lter may lead to

a solution degradation. The novel concept of GNSS environment mapping has been de-

veloped, to allow a state estimation �lter to adjust its measurement noise by relying on

crowd-sourced GNSS measurement statistical representation over an urban area of opera-

tion, instead of relying solely on data available on an individual platform. Application of

the concept leads to increased coordinate determination accuracy and to a faster solution

re-convergence. By training a random forest model, the GNSS environment map availabil-

ity is extended to areas for which no crowd-sourced GNSS data is available.

Second, to decrease vulnerability of a minimum error variance estimator to inaccu-

rate stochastic modelling, a �lter could be extended with a worst-case error minimization

criterion, such that it makes no assumptions on noise properties. In the new solution to
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continuously maintain balance between the two estimation criteria, a reinforcement learn-

ing framework has been introduced into the GNSS-based integrated navigation engine.

Practical results show the capability of such a model to progressively self-improve while

encountering diverse GNSS signal propagation scenarios.

These novel developments have been tested with several con�gurations of GNSS-

based integrated navigation engines; a 13% and 17% absolute accuracy improvement in

the tightly- and loosely-coupled integration modes respectively is demonstrated. The iden-

ti�ed shortcomings of the proposed techniques and the recommendations for further de-

velopments are provided.
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Chapter 1

Introduction

This chapter includes an overview of principles and challenges of integrated navigation

systems, making connections with limitations of the technology to date motivating the work

carried out in this dissertation. Further, the objectives, methodology, and contributions of

this work are provided.

1.1. Research Motivation

This section includes fundamentals necessary to introduce a reader to the dissertation focus

area. It �rst lists mass-market applications that require navigation functionality and covers

the basics of multi-sensor integration (Section 1.1.1). The necessity of monitoring the

quality of global navigation satellite systems (GNSS) observations used in processing along

with methods to carry it out are presented in Section 1.1.2. A discussion on state estimation

strategies in the presence of measurement outliers or variable noise conditions is provided

in Section 1.1.3. Further, Section 1.1.4 looks into limitations of the adopted technology,

linking it to the improvement objectives.
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1.1.1. Overview of Integrated Navigation Systems

A. Applications and Challenges of GNSS

The list of mass-market applications requiring coordinates of an object spans many usage

categories including leisure, everyday business, and emergency responses. Recording of

a movement track facilitates physical exercise activities and contributes to a healthier so-

ciety. Vehicle localization allows us to select the most e�cient route and aids the spread

of urban mobility applications, such as car and bike sharing. Additionally, the position,

velocity and timing (PVT) solution is a basis for the detection of dangerous driving pat-

terns. These vehicular applications contribute to environmental sustainability and safety

of cities. Finally, the emergency location services technology allows for a 911 operator to

access the location of a caller's smartphone faster and more accurately, winning valuable

time for �rst responders.

The list of solutions to determine coordinates of a platform starts with GNSS. A

fundamental principle of GNSS is in determining absolute coordinates of a receiver by

precisely measuring the propagation time of electromagnetic waves transmitted from satel-

lites placed in Earth orbit. Objects present in urban environments impose inconsistencies

on GNSS signal propagation such as obstruction, attenuation, and phenomena originating

from signal re�ection: non-line-of-sight (NLOS) and multipath-contaminated signals. As

a consequence, satellite geometry is weakened, signal tracking is compromised, and mea-

surement errors are increased. Mass-market positioning platforms are limited by size and

cost of production, the factors that, in turn, reduce the GNSS hardware capacity to avoid

the NLOS signal reception and to minimize the multipath e�ect.

From the highlighted GNSS vulnerabilities, it becomes apparent that for many mass-

market applications, GNSS alone is not su�cient for the PVT solution to reach the desired

levels of accuracy, continuity, integrity, and availability. A common approach to overcome

this limitation is to combine GNSS with alternative ways to determine a platform position

2



and dynamics, the concept known asmulti-sensor integration.

B. IMU/GNSS Integration

Sensors such as accelerometers and gyroscopes measure speci�c force and angular rate re-

spectively. Inertial measurement units (IMUs) are typically comprised of three accelerom-

eters and three gyroscopes to measure speci�c force and angular rate of the IMU body

frame in a three-dimensional space with respect to the inertial frame. By applying mech-

anization equations to the IMU measurements we can compute platform attitude, velocity,

and position updates in a coordinate frame of choice (Groves, 2013c).

On one hand, IMUs are independent from any external infrastructure (unlike GNSS),

yielding a continuous output of measured physical quantities. On the other hand, the iner-

tial navigation solution degrades with time, as the IMU measurements are subject to errors

induced by drifts and biases, while the GNSS solution errors do not grow with time. An

IMU/GNSS integration aims to act on strengths of both inertial and satellite navigation

systems to produce a solution with levels of accuracy, continuity, integrity, and availability

required by an application.

There are several IMU/GNSS integration architecture types. In the further discussion,

the error-state �ltering scenario is considered.

In theloosely-coupled(position domain) integration an independent GNSS position

and velocity solution is compared with the position and velocity computed with the IMU

measurement mechanization. The di�erence between these two solutions forms a measure-

ment innovation vector and next, a state estimation step is carried out (for example with a

Kalman �lter (KF)). The state should include per-axis bias terms for the IMU accelerome-

ter and gyroscope to correct the inertial measurements before the next integration iteration.

The loosely-coupled architecture is the simplest one from a design perspective, as it does

not involve any of the GNSS solution estimation steps. This simplicity comes with several

disadvantages. For the GNSS solution to exist, at least four satellite signals are required to
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be tracked by the receiver, which is not guaranteed in obstructed urban areas. Further, the

GNSS solution uncertainty required for populating the measurement noise matrix, could

be either unavailable or unreliable (Farrel & Wendel, 2017; Groves, 2013c).

In the tightly-coupled(observable domain) integration, the pseudorange, Doppler,

and carrier-phase measurements determined by the GNSS receiver are compared with their

corresponding predictions based on the IMU mechanization trajectory and the satellite

ephemeris. A di�erence between the measurements and predictions forms the innovation

vector. The tightly-coupled IMU/GNSS integration problem is non-linear, so either the lin-

earization of the observation equations is required or one of the non-linear state estimation

techniques should be applied, e.g., an unscented Kalman �lter (UKF) or a particle �lter.

The higher complexity of the tightly-coupled architecture design results in a performance

superior to the loosely-coupled architecture. First, the tightly-coupled solution is available

even when fewer than four satellite signals are tracked. Second, the measurement covari-

ance dependency on GNSS satellite geometry is implicitly taken into account in the state

estimation (Farrel & Wendel, 2017; Groves, 2013c).

In the deeply-coupled(tracking domain) architecture, the GNSS code and carrier-

phase tracking loops are in�uenced by the inertial navigation solution. Speci�cally, pa-

rameters of the internally-generated replica of a GNSS signal are adjusted for the trajec-

tory dynamic changes obtained from the IMU mechanization. The code and carrier-phase

tracking errors are used directly to estimate the state of the system. Such an architecture al-

lows for highly-attenuated GNSS signal tracking and for an overall faster signal acquisition

(Farrel & Wendel, 2017; Soloviev, Toth, & Grejner-Brzezinska, 2012).

C. Multi-sensor Integration

Let us consider a general scenario, when multiple sensors are integrated in a processing

engine. An inertial navigation system (INS) including an IMU along with a processor ap-

plying inertial navigation equations is normally considered as a core source of a platform
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trajectory due to its independence from the surrounding environment. To allow for esti-

mation of its error states, an INS is augmented with secondary sensors that may include

radio frequency (RF) receivers (GNSS, WiFi), imaging sensors (LiDAR, visible spectrum

video cameras), and other supplementary sensors (magnetometers, odometers, or altime-

ters) (Grejner-Brzezinska et al., 2016; Soloviev & Miller, 2012).

A multi-sensor integration algorithm design is de�ned by several factors. Changes

in environment of operation a�ect sensor performance; for example, LiDAR is vulner-

able to poor weather conditions, sensitivity of video cameras is limited in low light, a

GNSS solution degrades in obstructed areas, WiFi localization is dependent on proximity

to routers. In some conditions, sensor measurements are completely unavailable: GNSS

signals are absent in underground tunnels and WiFi is unavailable in remote areas. Addi-

tionally, the desired output solution rate varies: higher data rates are required in dynamic

vehicle navigation scenarios and lower data rates are acceptable for pedestrian navigation.

The highlighted factors suggest that the integration algorithms must adapt to the platform

surroundings and make the best use of the data available.

The above requirements can be ful�lled through a modular integration architecture.

It includes a universal state estimation module and con�guration modules responsible for

conversion of each sensor measurement type to a generic measurement (Groves et al.,

2014). An example of such an architecture is the recon�gurable integration �lter engine

(RIFE) developed by Soloviev and Yang (2013). The key idea of the RIFE is in a generic

sensor representation class design, allowing for a complete abstraction from any speci�c

measurement type. The class includes generic metadata and routines such as observation

equation implementation. When a sensor is available, its corresponding class object is

created and the integration �lter elements are recon�gured.
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1.1.2. Platform Self-Contained Multipath and NLOS Mitigation

Urban areas are characterized by the presence of various objects such as buildings, vege-

tation, vehicles, and people. From an electromagnetic wave perspective, these objects are

re�ective surfaces and/or a propagation medium. In such a setting, the situation therefore

is possible when a GNSS signal arrives at the receiver antenna phase centre via several

paths, one of which is line-of-sight (LOS) and the others are re�ected from the surround-

ing objects, the phenomenon known as the multipath e�ect. Additionally, the LOS signal

could be blocked and only a re�ected signal is tracked by the receiver, the e�ect referred

to as the non-line-of-sight (NLOS) signal reception.

When a radio signal is re�ected, its delay, amplitude, phase, phase rate, and polar-

ization change relative to the LOS signal. As the sum of several re�ected signals, the

multipath-contaminated signal distorts the receiver correlation function and therefore, af-

fects the discriminator function in the receiver delay-lock-loop (DLL), introducing a shift

of the zero-crossing point. The size of this shift de�nes a pseudorange measurement er-

ror. Similarly the multipath-contaminated signal distorts the phase in the receiver carrier

tracking loop, resulting in a carrier-phase measurement error (Braasch, 2017).

The maximum pseudorange error induced by multipath is directly proportional to

the multipath amplitude relative to the LOS signal and to the correlator spacing. Higher

chipping-rate signals are more robust to multipath as shorter relative delays are needed to

a�ect the correlation function (Hannah, 2001). Compared to pseudorange multipath error,

carrier-phase multipath error is normally lower by two orders of magnitude (maximum

multipath-induced carrier-phase errors reach a quarter of a wavelength: 4.8 cm and 6.1 cm

for GPS L1 and L2 signals correspondingly) (Wanninger & May, 2001).

The impact of multipath-contaminated and NLOS signals on a positioning solution

depends on antenna, receiver, and processing algorithm design. The review of these de-

signs is useful for �rst, identifying which could be applied in mass-market applications;

and second, for understanding the challenges arising if a design compromise is made.
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A. Antenna Design

GNSS satellites transmit signals with right-hand circular polarization (RHCP). Circular

polarization (CP) is tolerant to the transmitter and receiver antenna relative orientation,

and does not cause polarization fading (Moernaut & Orban, 2009). GNSS antennas are

designed to attenuate as much of the undesired polarization as possible, and a 10 dB at-

tenuation could typically be expected. Signals re�ected from a surface with a re�ection

coe�cient of 1 (ideal conductor) reverse their polarization, and in cases where the sur-

face re�ection coe�cient is less than 1, re�ected signals can be considered to be a mixture

of right- and left-hand circular polarization (Braasch, 2017). Note that linearly polarized

GNSS antennas (installed on some modern smartphones) are unable to perform any unde-

sired polarization attenuation and therefore are especially vulnerable to multipath.

Antenna ground planes are introduced to increase the antenna's zenith gain and to

eliminate reception of short-range signal re�ections from the ground. Choke-ring ground

planes are adopted in geodetic applications due to excellent multipath rejection capabilities

(Braasch, 2017; Moernaut & Orban, 2009). The choke-ring design includes a series of

aluminum concentric rings around the antenna element, attenuating signals arriving from

negative elevation angles. Further, the 3D choke-ring antenna design allowing for the

higher near-horizon gain was introduced by NovAtel (Kunysz, 2003), where the concentric

rings follow a pyramid structure. The compact pinwheel antenna design allows for a similar

or better multipath rejection performance compared to the choke-ring design, but with the

reduced size and weight (Kunysz, 2000). The propagation of surface waves is suppressed

with electromagnetic band gap (EBG) ground planes by introducing periodic structures

with high impedance around the antenna element. The EBG design allows for a decrease in

antenna weight, pro�le height and cost, but still requires at least0:22m • 0 :22m horizontal

plane area (Baggen et al., 2008; Maqsood, Gao, & Montenbruck, 2017). Other topologies

for reducing the e�ect of multipath include crossed dipoles in a cylindrical waveguide

(Hautcoeur, Johnston, & Panther, 2016).
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The use of antenna arrays has established bene�ts in multipath mitigation. The beam-

forming methods include the control of the beam pattern during the operation by weight-

ing the digitized antenna outputs using sets of complex coe�cients, allowing to increase

the antenna array gain in a desired direction (Konovaltsev, Antreich, & Hornbostel, 2007;

Maqsood et al., 2017). Alternatively, to increase the LOS signal power, synthetic aperture

processing is adopted, where during a beam-forming interval the correlation values per

each satellite are summed with each value multiplied by a phase factor chosen to compen-

sate for the antenna motion (Pany et al., 2013).

B. Receiver-based Techniques

From the basic principles of signal processing in a GNSS receiver, pseudorange multi-

path error is lower with an implementation of narrow correlators and with the use of high

chipping rate signals. However, bene�ts of applying narrow correlators to high chipping

rate signals are low due to broadcast signal bandwidth limitations (Braasch, 2017; Groves,

2013b; Won & Pany, 2017). The double-delta correlator design includes two early and

two late correlators added to conventional correlators and used to create a more narrow

discriminator function (Braasch, 2017; Irsigler, Hein, & Eissfeller, 2004). In the gated-

correlator DLL, the incoming signal is correlated with a gating signal generated locally

and centered about the chip epochs allowing narrowing of the correlation function and

therefore to improve multipath rejection performance (McGraw & Braasch, 1999).

In the parametric multipath mitigation group of techniques, the multipath and LOS

signal components are estimated according to the maximum-likelihood estimation prin-

ciples. The estimated parameters include signal amplitudes, delays, and phases. The

implementations following this approach include Multipath Estimating Delay Lock Loop

(MEDLL) (van Nee, Siereveld, Fenton, & Townsend, 1994), Fast Iterative Maximum Like-

lihood Algorithm (FIMLA) (Sahmoudi & Amin, 2008), and Vision Correlator (Fenton &

Jones, 2005).
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In the technique known as vector tracking, the conventional DLL is replaced with a

processing engine combining both GNSS signal tracking and navigation state estimation

(Lashley, Bevly, & Hung, 2009). The platform PVT determined from the GNSS solution is

used to predict the GNSS code phase, allowing it to track weaker GNSS signals (Lashley,

Bevly, & Hung, 2010) (the idea is similar to the deeply-coupled IMU/GNSS integration).

It has been demonstrated by Hsu, Jan, Groves, and Kubo (2015), that during the NLOS

signal reception the vector tracking code discriminator outputs negative values, allowing

for detection of such signals. It has been observed that multipath-contaminated signals, in

turn, could be detected through a higher variance of pseudorange (Hsu et al., 2015). The

extension of the vector tracking technique to carrier-phase measurements has been shown

in Petovello and Lachapelle (2006). The drawback of vector tracking is the increase in

computation load and the technique is not applicable when fewer than four GNSS satellites

are available (Groves, 2013b).

The applications of supervised machine learning for multipath mitigation at the sig-

nal tracking level are currently under development. Sokhandan, Ziedan, Broumandan,

and Lachapelle (2017) designed a support vector machine (SVM) classi�er to distinguish

among receiver motion and multipath environment types, to subsequently adapt parame-

ters of the stochastic-gradient-based multipath compensation method. The SVM model

features are formed by sampling the GNSS signal correlation sequences, with the tempo-

ral features used for the multipath environment detection, and the spectral features used

for the platform motion type detection. The SVM model training is done through multi-

path simulation. Munin, Blais, and Couellan (2020) propose to use a convolutional neural

network (CNN) for multipath detection. The correlator output is transformed to form a

raster, where the correlation amplitudes are the raster values, with the code phase and

Doppler shift axes. The CNN extracts features from the input data allowing the detection

of multipath-contaminated signals.
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C. Navigation Processor Algorithms

Here we consider techniques for NLOS and multipath-induced error mitigation in the navi-

gation processor independent from the receiver tracking loops, i.e., working with the avail-

able GNSS observables: pseudorange, carrier-phase, Doppler shift, and carrier-to-noise-

density ratio (C_N 0).

Receiver Autonomous Integrity Monitoring (RAIM) is a cornerstone technique for

GNSS solution quality control. Fundamentally it is based on performing a type of consis-

tency checking among the available measurements. The RAIM implementations at large

could be divided in two groups: snapshot-based and �ltered (sequential) solutions. The

snapshot-based RAIM takes advantage of the current state of the system, ignoring its pre-

vious states; while �ltered RAIM uses both previous and current states, along with as-

sumptions on platform dynamics (Brown, 1997). Among the snapshot methods are the

following.

- the solution separation method: if measurements fromn satellites are available,n

state estimation iterations are carried out, each excluding measurements from one

of the satellites; the set with a spatial solution separation test statistic exceeding a

prede�ned threshold is assumed to include a faulty measurement; ifn Î 6, the faulty

satellite can be identi�ed (assuming one faulty satellite) (Brown & McBurney, 1988);

- the range comparison method: if measurements fromn satellites are available, the

solution based onm measurements (wherem < n) is used to predict the remaining

n * m measurements, and a failure is �agged in the case of inconsistency between

the predicted and actual measurements (Lee, 1986);

- the least-squares-residuals method: the least-squares solution is computed, the mea-

surement residuals are used to calculate a test statistic and compared with a fault

detection threshold (Brown, 1997);

- the parity method: the hypothesis test metric is a square of the parity vector magni-

tude; the parity vector is obtained through a linear transformation of the measurement
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vector (Sturza, 1988);

One version of sequential RAIM is discussed in Joerger and Pervan (2010), where

the test statistic is computed as a weighed norm of the Kalman �lter residuals obtained at

each �lter iteration. The detection, identi�cation, and adaptation (DIA) method (Hewitson,

Lee, & Wang, 2004) was applied in the Kalman �lter RAIM by Hewitson and Wang (2007),

and to increase redundancy, the implementation integrated platform dynamic information

in the form of state parameter predictions.

Advanced RAIM (ARAIM) was introduced to extend RAIM methods to ful�ll the

enhanced requirements for horizontal and vertical performance of aviation guidance ap-

proach systems (Blanch, Ene, Walter, & Enge, 2007). By taking advantage of additional

operational GNSSs (Galileo, GLONASS, and BeiDou) along with GPS and by using dual-

frequency measurements, ARAIM supports scenarios with multiple simultaneous faults of

GNSS signals without relying on ground- or satellite-based augmentation systems (El-

Mowafy, 2013; Rippl, Martini, Belabbas, & Meurer, 2014). ARAIM is currently un-

der active development: for example, recent work of Phelts, Gunning, Blanch, and Wal-

ter (2020) shows lower estimated protection levels when carrier-phase measurements and

time-correlation of the measurements is taken into account.

The extended RAIM (ERAIM) family of techniques includes applications of RAIM

to INS/GNSS integration engines: the dynamic model in this case is drawn from the INS

solution, providing a reference for the measurement model. Examples of such implementa-

tions are shown by Farrell (2006), Hewitson and Wang (2010) and Ochieng, Feng, Moore,

Hill, and Hide (2010).

Speci�cally with urban positioning scenarios in mind, where multiple multipath-

contaminated and NLOS signals could be tracked, Jiang and Groves (2012) developed

a method to select the set of signals that are least likely to be inconsistent. The minimal

sample set (MSS) is randomly drawn from available measurements su�cient to compute

the reference positioning solution. The reference solution is then used to predict remaining
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measurements, and a consistency check is performed based on residuals formed by di�er-

encing real and predicted measurements. This procedure is repeated until the probability

of �nding the better quality MSS is lower than a certain threshold.

Alternatively to consistency checking principles, multipath could be detected by mon-

itoring statistical properties of observables per each GNSS satellite, the technique referred

to as signal quality monitoring (SQM). The carrier-to-noise-density ratio observable (de-

noted asC_N 0, representing the ratio of the received signal power to the noise power

spectral density and expressed in dB-Hz) is available in most GNSS receivers. Construc-

tive multipath interference causes theC_N 0 level to increase, while destructive multipath

leads to its decrease, and therefore �uctuations inC_N 0 time series are expected over time

(Strode & Groves, 2016; Braasch, 2017). TheC_N 0 �uctuation monitoring for multi-

path detection with the subsequent signal de-weighting or exclusion was investigated by

Pirsiavash, Broumandan, Lachapelle, and O'Keefe (2018) and Strode and Groves (2016).

In case both carrier-phase and pseudorange observations for the same satellite are

available, it is possible to monitor pseudorange multipath by di�erencing the two observa-

tions (as mentioned earlier, carrier-phase multipath errors are around two orders of mag-

nitude smaller than that of pseudorange). The detection of changes in statistical properties

of the obtained combination has been widely adopted for multipath detection (Beitler, Tol-

lkuhn, Giustiniano, & Plattner, 2015; Bisnath & Langley, 2001; Pirsiavash et al., 2018).

A number of techniques incorporating 3D city maps for multipath and NLOS sig-

nal detection has been developed. Based on the geometry of surrounding buildings, it is

possible to predict GNSS signal propagation scenarios by taking into account the e�ects

of di�raction and re�ection (Bradbury, 2007; Lau & Cross, 2007). If a signal is tracked

and is re�ected according to simulation, it could be de-weighted or excluded from process-

ing. The challenge with such an approach is to take into account the uncertainties �rst,

in assumed user coordinates and second, in the 3D map itself (Obst, Bauer, Reisdorf, &

Wanielik, 2012). Further, methods constructively using the NLOS signals in a processing
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engine have been developed. In Hsu, Gu, and Kamijo (2016), an approximate position of

a user platform is determined, and then a set of normally distributed position candidates in

horizontal space is generated. For each candidate the signal propagation simulation is car-

ried out, and a similarity among generated and measured pseudoranges is evaluated. The

likelihood of each position candidate is determined based on the corresponding similarity

value, and the �nal position estimate is computed as a likelihood-weighted average of the

position candidates.

Consider a network of connected platforms with navigation functionality and operat-

ing in a city. It may appear that one platform of the network is in a relatively unobstructed

area with consistent signal reception, and its position uncertainty is low; while another

platform is surrounded by buildings, leading to multipath-contaminated signal reception.

The general concept of collaborative navigation uses inter-platform range measurements to

strengthen the PVT solution of individual network members (nodes) (Kealy et al., 2012).

The technique is used to aid with attenuated signal tracking, interference mitigation, joint

state estimation, and integrity monitoring (Andrianarison, Sahmoudi, & Landry, 2018;

Soloviev & Dickman, 2014). The use of 3D city maps is explored in this context as well:

�rst, by applying GNSS shadow matching (Wang, Groves, & Ziebart, 2013), where sus-

pected NLOS signals are excluded on each receiver network node independently; second,

the nodes with good satellite visibility are identi�ed and used as base stations to compute

relative positions of nodes with bad visibility by pseudorange double-di�erencing; third,

the �nal consistency check of the relative solution is carried out (Zhang, Wen, & Hsu,

2019). With the increased bandwidth and lower communication latency arriving with 5G

technology (Sha� et al., 2017), the concept of collaborative navigation undoubtedly be-

comes more feasible for a wide spectrum of applications.

Applications of machine learning for NLOS/multipath detection �nd their place at the

navigation processor level as well. A binary decision tree LOS/NLOS classi�er has been

proposed by Yozevitch, Moshe, and Weissman (2016), usingC_N 0, the satellite elevation
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angle, and the pseudorange residuals as features. The SVM classi�er among LOS, NLOS

and multipath signals has been tested by Hsu (2017), whereC_N 0, C_N 0 change rate, the

pseudorange residuals, and an observable combination illustrating consistency between

pseudorange measurements and Doppler shift are used as features. The latter combination

together with theC_N 0 observable were identi�ed as the most signi�cant features, leading

to a 75% classi�cation accuracy.

1.1.3. Adaptation and Robustness Problem in State Estimation

The majority of dynamic applications use a Kalman �lter as a default sensor fusion algo-

rithm. The KF is a minimum variance state estimator derived with assumptions that the

system model is known; and the noise processes are zero-mean, white, and uncorrelated

(Simon, 2006). However, due to the relative unpredictability of GNSS signal propagation

e�ects in urban environments, these theoretical assumptions are challenging to ful�ll in

practice with a set of �xed KF parameters. If the expected measurement and process noise

properties di�er from reality, the KF is likely to diverge (He�es, 1966). Several techniques

have been developed to accommodate unknown or changing stochastic properties of noise

in the KF, referred to as adaptive Kalman �ltering (AKF).

The basic principle of the innovation-based adaptive estimation (IAE) and the multi-

ple model adaptive estimation (MMAE) methods is in determining �lter stochastic proper-

ties re�ected through measurement and process noise matrices. The IAE method is based

on making the KF innovations consistent with their theoretical covariances (Mehra, 1972).

The KF innovation vector, computed as a di�erence between the actual measurement vec-

tor and its KF prediction, is used as an information source for such an estimation. The KF

innovation covariance is computed as a sliding window average of autocorrelated innova-

tion vectors, and it is used to estimate the measurement and process noise matrices at each

�lter iteration (Hide, Moore, & Smith, 2003; Mohamed & Schwarz, 1999). In the MMAE

method, several KFs run simultaneously, each with di�erent measurement and process
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noise parameters. The probability of each parameter set being correct is computed through

the residual probability density function, and in turn, is dependent on the KF innovation

covariance and the innovation vector. The �nal solution is determined as a weighed sum

of each KF state estimation (Hide et al., 2003; Mohamed & Schwarz, 1999).

An alternative mechanism to adapt the KF to surrounding conditions is proposed in

Zhang and Hsu (2018), where the measurement noise is scaled based on the positioning

accuracy predicted by a machine learning model, the random forest (RF) speci�cally. The

training features include parameters such as the estimated horizontal and vertical position

standard deviations, the estimated velocity components, the number of tracked satellites,

and the carrier-to-noise-density ratio. Absolute position errors are divided into four classes

and used as labels for the RF model training, which is expected to predict the error class

given the feature set as an input.

The KF (also referred to as theH 2 �lter) conventionally used in integrated naviga-

tion systems is the minimum variance estimator, and it is based on the assumption that

noise stochastic properties are known. TheH 2 �lter has been shown to perform poorly

in the presence of outliers; and in the pursuit of robustness, theH Ø �lter was developed

based on the worst-case error minimization criterion, making no assumptions on the noise

stochastic properties (Grimble & El Sayed, 1990; Simon, 2006). To �nd a balance be-

tween theH 2 and theH Ø �ltering criteria, the mixedH 2_H Ø �lter has been proposed

where the mixed gain is computed as a linear combination of the two �lter gains through a

mixed gain weight coe�cient (Simon & El-Sherief, 1996). The superior performance of

the mixedH 2_H Ø �lter compared to conventionalH 2 andH Ø �ltering has been demon-

strated by Jwo and Chen (2003). The adaptiveH 2_H Ø �lter version has been discussed

by Liu, Hu, Li, Bai, and Gao (2014), where the mixed gain weight is estimated recursively

at each �lter iteration, based on the state error variance minimization criterion.
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1.1.4. Limitations of Applicability of Previous Work

This section overviews, for mass-market applications, the limitations of methods aiming

to mitigate the e�ects of inconsistent GNSS signal reception applied at all levels of a posi-

tioning platform, leading the discussion to the potential for improvement and detailing the

research objectives of this dissertation.

Firstly, constraints imposed on a form-factor and cost of mass-market navigation plat-

forms limit the technology available for implementation. For instance, the advanced an-

tenna multipath mitigation designs listed in Section 1.1.2 A are mostly unavailable for

mass-market applications due to increased antenna size and weight. The reception of the

multipath-contaminated or NLOS signals therefore could not be fully avoided at the GNSS

antenna level. The state estimation techniques implemented at the signal tracking level

(Section 1.1.2 B) are computationally expensive limiting their applicability on the low-

cost chips and associated microprocessors with lower processing rates.

For applications with hardware limitations listed above, the navigation processor is

the last stage where algorithms improving the PVT solution in challenging areas could be

applied. The highlighted character of GNSS signal propagation in urban areas leads to a

decline in performance of standard techniques.

For GNSS signal consistency checking to perform well, data redundancy is required.

Speci�cally, if a minimum ofn measurements are needed to compute a solution, then at

leastn + 1 measurements are required for the fault detection, andn + 2 measurements are

required to identify the faulty signal for its exclusion from processing (Groves, 2013a).

Additionally, the satellite geometry has to allow for prediction of one measurement from

the rest (Groves, 2013a). These two requirements are challenging to ful�ll in deep urban

canyon environments, where the number of tracked GNSS signals is low due to obstruc-

tions, and the satellites in view are distributed along the line of a street leading to weak

satellite geometries.

The SQM techniques are based on hypothesis testing and require the detection thresh-
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olds to be empirically set. Statistical properties of observables used for multipath signal

detection are expected to vary depending on platform dynamics, obstruction environments,

and antenna-receiver model pairs. This complicates the search for the threshold values

minimizing the false positive and miss-detection probability throughout all anticipated op-

eration scenarios.

When relying on 3D city maps in any way, a designer has to take into consideration

inaccuracy of the map and the necessity to keep the map up-to-date with the real world.

More attention is needed to take into account building geometry complexities and the re-

�ective surface materials (Adjrad, Groves, Quick, & Ellul, 2019). Further, GNSS signal

propagation is a�ected by road vehicles, which are the objects challenging to model in

real time: there is no research that addresses this aspect to the author's knowledge at the

moment of writing.

To introduce an adaptive component to the KF, �rst, algorithm complexity has to be

taken into account. For instance, the MMAE AKF application (Section 1.1.3) substantially

increases computation load due to several KFs running simultaneously, especially if multi-

constellation and high-rate processing is carried out. While not being as computationally

demanding, the IAE AKF requires the moving average window size to be set empirically,

which is linked with �nding a compromise between collecting enough statistics on the

KF residuals to compute the KF innovation covariance and allowing the AKF to react to

changes in the GNSS environment faster.

The KF parameter adaptation to the surrounding environment is typically treated as

a self-contained e�ort, i.e., using only data generated on a single navigation platform. The

concept of collaborative navigation is based on data exchange among the network nodes,

but it is not directed at representation of the GNSS signal propagation environment that

could be used in the AKF.

In general, any empirically chosen parameter may lead to a sub-optimal performance

of an algorithm. In an e�ort to determine more accurate models for the NLOS and multi-
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path detection or for the AKF implementations, a supervised machine learning procedures

have been adopted. The supervised learning models are expected to perform well in sce-

narios present during the training process; however, there is no such guarantee if the model

is put in a situation it has never �experienced� before (Sutton & Barto, 2018). For exam-

ple, a supervised learning model detecting multipath signals trained in Fredericton, New

Brunswick, will not perform as expected in Toronto, Ontario, as the multipath environ-

ment in the two cities is signi�cantly di�erent. By design, the supervised learning model

training is a �nite process. The model e�ectiveness is therefore directly proportional to the

diversity of scenarios present in the training dataset. With urban environments constantly

changing, so do the multipath scenarios, and no �nite training dataset could re�ect this

evolution.

1.2. Objectives, Methodology, and Contributions

Based on the highlighted limitations of the technology to date, the research conducted for

this dissertation has the following main objectives.

ÖExplore the potential of crowd-sourcing to generate a statistical representation of the

GNSS multipath environment in urban areas to be used in the AKF.

ÖDevelop a robust state estimation �lter based on a �exible mathematical model with

self-improving capabilities.

1.2.1. GNSS Multipath Environment Mapping

The carrier-to-noise-density ratio levels are re�ective of the GNSS signal quality, and

are used in the SQM group of techniques for multipath-contaminated-signal detection

(Pirsiavash et al., 2018). Our real-world tests in urban areas with mass-market hardware

showed that theC_N 0 measurements may be highly perturbed (Smolyakov & Langley,

2018), which decreases the con�dence in their statistical analysis and, in turn, lowers the
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e�ectiveness of theC_N 0-based SQM. In this dissertation, the extensive statistical rep-

resentation ofC_N 0 measurements over a selected city area is incorporated into a map,

which is then used by an individual positioning platform as a source of a priori knowledge

on the expected GNSS multipath environment.

This novel concept includes the following developments:

Öa scalable cloud-based architecture with real-time operation capability, facilitating

streaming of GNSS data from a large number of connected platforms, with the sub-

sequent geospatial processing incorporating the acquired data in a GNSS multipath

environment map;

Öan adaptive GNSS measurement weighting scheme based on the statistics retrieved

from the map;

Öa two-fold architecture including a self-contained SQM and map-based measure-

ment noise adjustment technique, tested on loosely- and tightly-coupled IMU/GNSS

integrated engines;

ÖGNSS multipath environment map propagation to the areas that were not directly

surveyed by the connected platforms by designing, training and testing a random

forest machine learning model;

Önormalization of the GNSS multipath environment map statistics as a step towards

independence from the GNSS hardware used for data collection.

1.2.2. Intelligent and Robust State Estimation

In this dissertation, the pursuit of robustness in state estimation is based on further ex-

ploring adaptive mixedH 2_H Ø �ltering. The automatic balance adjustment between the

H 2 andH Ø criteria in the mixed �lter is assigned to machine learning, speci�cally, the

reinforcement learning (RL) model.

The idea development includes the following blocks:

Öa tightly-coupled IMU/GPS integration engine based on a mixedH 2_H Ø �lter is
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extended with a reinforcement learning framework;

Öthe reward function, driving reinforcement learning, is designed to be a function of

two arguments: �rst, the di�erence between the estimated RMS and the lowest the-

oretically possible RMS; and second, the index retrieved from the GNSS multipath

environment map;

Öthe continuous learning ability is ensured by introducing eligibility trace vectors into

the model;

Öthe linear value-function approximation is implemented to identify policy learning

trends in a situation with limited test data.

1.3. Dissertation Outline

This dissertation follows an outline with each chapter representing a published paper. The

chapters refer to appendices for theoretical materials and additional results.

Chapter 2 presents the theoretical basis for the GNSS multipath environment mapping

and the scalable streaming software architecture, allowing collection of data from a con-

nected platform mapping �eet. The architecture includes the solution for a user to query

the map through a distributed search engine. The chapter is published as a conference

proceedings article:

Smolyakov, I., Klochikhin, E., & Langley R. B. (2018). Continuous Environment Mapping
for Enhanced Low-cost Urban Navigation. InProceedings of the 31st International Tech-
nical Meeting of the Satellite Division of The Institute of Navigation (ION GNSS+ 2018),
Miami, Florida, September 2018 (pp. 130-142). https://doi.org/10.33012/2018.15829

The results show that the EKF measurement noise, tuned based on data retrieved from

the map as opposed to traditional measurement weighting schemes, allows for higher co-

ordinate determination accuracy in residential and dense urban environments. The results

are demonstrated with a real-world GPS+GLONASS dataset collected in Brooklyn, New

York.
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Chapter 3 builds on top of the ideas presented in the previous chapter. First, the GNSS

multipath environment map availability is extended by predicting its values for areas that

were not surveyed by the mapping �eet. Such a prediction becomes possible by training a

random forest model using the environmental features and the real-world map data. In an

e�ort to increase resilience of the EKF, the map-based �lter stochastic model adjustment

is extended with an SQM multipath detection block. This chapter is published as a peer-

reviewed journal article:

Smolyakov, I., Rezaee, M., & Langley, R. B. (2020). Resilient Multipath Prediction and
Detection Architecture for Low-cost Navigation in Challenging Urban Areas.NAVIGA-
TION, 67, 397-409. https://doi.org/10.1002/navi.362

The algorithm performance is tested with loosely- and tightly-coupled IMU/GNSS

integration engines showing accuracy improvements over conventional processing. An ex-

ample of counter-productive map-based measurement noise adjustment is provided, demon-

strating limitations of such an approach.

Chapter 4 is focused on the design of a self-improving mathematical model automati-

cally shifting the balance between the estimation criteria in a mixedH 2_H Ø �lter. Speci�-

cally, the adaptive component of the �lter is based on a reinforcement learning model. The

approach is applied to the tightly-coupled IMU/GPS integration engine and is tested on a

real-world dataset. This chapter is published as a peer-reviewed conference proceedings

paper:

Smolyakov, I., & Langley, R. B. (2020). Intelligent Navigation in Urban Environments
Based on an H-in�nity Filter and Reinforcement Learning Algorithms. In2020 IEEE/ION
Position, Location and Navigation Symposium (PLANS), Portland, Oregon, April 2020
(pp. 328-333). https://doi.org/10.1109/PLANS46316.2020.9109948

(the 2020 IEEE/ION PLANS scheduled to take place in April 2020 was canceled due to
COVID-19 pandemic).

The results show positive trends in the learning process and identify objectives for

further modernization of the technique.
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Chapter 5 summarizes the main �ndings of this research, overviews encountered chal-

lenges, and provides recommendations for further work.

Appendix A includes the speci�cations of the integrated inertial navigation system

design.

Appendix B is focused on additional topics related to the GNSS multipath environ-

ment map creation and testing. Spatial sampling applied in the RF model training is de-

scribed. The map normalization procedure is provided, along with an experiment of using

the trained RF model to predict the map in a city di�erent from where the model was

originally trained.

Appendix C includes graphics supporting the delivery of the material in Chapter 4.
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Chapter 2

Continuous GNSS Multipath Environment

Mapping

This chapter introduces a novel concept of GNSS multipath environment mapping by pro-

cessing large volumes of crowd-sourced GNSS measurements. The main focus is on devel-

oping a software architecture that can satisfy the requirements for scalability and real-time

operation with voluminous sensor streams. A data collection campaign in a dense urban

area was carried out, allowing us to test the architecture and generate a GNSS multipath en-

vironment map. A map-aided weighting function adjustment of a GNSS EKF is discussed

as an application of the concept.

The chapter is published as a conference proceedings paper:

Smolyakov, I., Klochikhin, E., & Langley R. B. (2018). Continuous Environment Mapping
for Enhanced Low-cost Urban Navigation.Proceedings of the 31st International Technical
Meeting of the Satellite Division of The Institute of Navigation (ION GNSS+ 2018), Miami,
Florida, September 2018 (pp. 130-142). https://doi.org/10.33012/2018.15829

Minor modi�cations are applied to the original text for the notation, terminology, and

formatting to be consistent with the rest of the dissertation. Footnotes are added to further

explain some details in the text.
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Abstract

Urban environments introduce a challenge for unaided GNSS to provide accurate coordi-

nates at all times, which makes this approach insu�cient for many applications. Recent

developments in intelligent transportation systems lead to an evolution of such techniques

as map matching, 3D map aiding, shadow matching, and visual-aided navigation. These

methods along with inertial-sensor integration proved to extend the capability of low-cost-

equipment-based precise positioning applications. The plethora of available sensors allows

mass-market devices to collect rich contextual data and permits the user to adapt the posi-

tioning engine parameters to di�erent environments. The limitation of past research using

a single positioning platform is that context detection is solved independently, based on

self-monitoring. Individual device sensor readings are prone to be signi�cantly a�ected

by a number of error sources and to increase the reliability of context detection, multiple

readings should be made to gain a better statistical representation of a measured quantity,

which is not feasible in some real-time applications. In an urban setting, it is reasonable to

assume that many identical platforms will collect similar sensor readings when operating

in a given area. The research described in this paper aims to explore the use of collectively

recorded context information with further processing, integrating the data with a map and

feeding the summarized results to a user. A two-week piloting dataset in a dense urban

environment was collected with two low-cost positioning boards with the same hardware

and �rmware con�guration. It was shown in previous research that the signal-to-noise ra-

tio measurement is a su�cient metric to distinguish not only between indoor and outdoor

environments, but to detect signal jamming events and to characterize the quality of the

GNSS signal reception in the area. The uniformity of the con�guration of the devices

used in this research allowed for reliable spatial mapping of the signal-to-noise-ratio mea-

surements. The novel contributions of this paper are as follows. First, the implemented

architecture capable of continuous real-time context mapping is described. Second, a con-
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text map-aided measurement noise adjustment algorithm is designed. Third, the bene�ts

of the context-database-aiding are demonstrated in the case of pure GNSS coordinate de-

termination.

2.1. Introduction

Today's cities are complex dynamic environments comprising millions of devices with lo-

calization capabilities. GNSS remains one of the primary coordinate determination tools,

but its performance in urban areas is a subject to signi�cant degradation being a conse-

quence of blocked signals, multipath and NLOS signal reception. Needless to say, that in

these conditions GNSS alone cannot solve the positioning problem at the desired level of

continuity, accuracy, and reliability. For this reason, the concept of aided navigation has

emerged, where a positioning �lter along with GNSS measurements integrates data from

various sensors and correction streams to compensate for the GNSS disadvantages men-

tioned above. The prototypes of autonomous vehicles, for instance, apart from GNSS re-

ceiver and antenna, carry IMUs and the combinations of optical sensors (cameras), radars,

and LIDARs along with applying network-derived precise corrections for GNSS.

The problem of urban navigation is additionally addressed from another perspective

by surveying the environment of interest and incorporating the acquired data into a map

for the further utilization by a navigation system. The simultaneous localization and map-

ping technique emerged from the robotics community where a device repeatedly identi�es

environmental features from di�erent positions while simultaneously updating the feature

map and the location of the device itself (Je�eries & Yeap, 2008).

The availability of 3D city maps allows for NLOS signal detection by means of ray-

tracing combined with the GNSS signal shadowing calculation and the prediction of satel-

lite visibility. The concept that is known as shadow-matching (Groves, Jiang, Wang, &

Ziebart, 2012; Irish, Iland, & Madhow, 2015; Wang, 2015).
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On the other side of the positioning applications spectrum, low-cost platforms are

strictly limited with the variety and quality of sensors installed on board, as well as by

processor performance and by battery capacity. Therefore, the positioning routines running

on such platforms have to be computationally light, energy e�cient, and make the most

productive use out of the data available. In the following, we will explore the ideas allowing

for such compromise.

In a series of publications (Gao & Groves, 2018; Groves, Martin, Voutsis, Walter, &

Wang, 2013), the authors exploit the idea that with the growing complexity of localization

tasks, context-adaptive positioning algorithms need to be developed. An example of such

an adaptation would be a car navigation scenario when entering an urban area after moving

from a highway: the positioning �lter parameters need to be adjusted from highway to the

urban driving dynamics. A more complex case is a police drone navigation system: while

being stationary on the open-sky launch pad, corresponding constraints on the estimated

coordinates are applied so a higher level of solution convergence is reached. When �ying in

an urban setting, not only the �lter parameters should be adjusted, but additional process-

ing like shadow matching (Wang, Groves, & Ziebart, 2013, 2015) and multipath mitigation

routines (Smolyakov & Langley, 2018) could be invoked (in the open-sky area these al-

gorithms should be disabled as unavailable or unnecessary). Previous work on this matter

generally utilizes theC_N 0 observable or other available sensor readings and performs a

statistical analysis of the data with the surrounding environment type being the output. The

optimal processing algorithms are then selected with respect to the environment type (Gao

& Groves, 2018; Groves et al., 2013).

Another relatively unexplored research area covers the utilization of crowd-sourced

GNSS data. In Strizic, Akos, and Sherman (2018), server-based processing of theC_N 0

observable and the automatic gain control readings obtained from multiple smartphones

allowed for e�ective intentional jamming detection. The shadow-matching technique also

relies on smartphoneC_N 0 measurements as an input and with the availability of crowd-
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sourced data, the construction of 3D city maps was proved possible (Irish et al., 2015;

Wang et al., 2013, 2015). Indeed, smartphones are convenient crowdsourcing platforms as

the data exchange functionality is already built into the device. With a growing interest in

making urban transportation systems more e�cient and safe, many modern vehicles now

include some type of built-in wireless connection capability as well (Irish et al., 2015).

Also, the wireless connection capability of a vehicle could be completed by a designated

third party device (Parkofon, 2018).

The aforementioned growth in connectivity brings the industry to a stage when there

is an opportunity to access a stream of sensor data produced by a high number of devices

operating in a localized urban area. In our paper, we explore the idea of creating a GNSS

signal strength map using the connected vehicle GNSS data stream and then further utilize

the map as a priori statistical information for the Kalman �lter parameter tuning. We show

that this approach improves the �lter reaction to the environment and leads to a positioning

accuracy improvement over the conventional techniques.

The paper is structured as follows. First, the continuous GNSS environment map-

ping problem is introduced more in detail and the proposed mapping software architecture

is described. Second, the data collection campaign is described and the GNSS multipath

environment map produced is showcased. Third, the methodology of the map application

for the automatic Kalman �lter measurement noise tuning is discussed and the testing re-

sults are provided. Next, the challenges of the highlighted approach and the potential for

future work are discussed. Finally, the conclusion from the research thus far is provided.

2.2. Mapping Problem and System Architecture

2.2.1. Mapping Problem Statement

A dense urban area often creates a GNSS signal environment in which very few of the

tracked GNSS signals are actually of LOS and discarding all suspected multipath and
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NLOS signals would lead to the number of satellites left being insu�cient for reliable

coordinate determination.

Re�ected and di�racted radio signals are attenuated and the previously developed

multipath and NLOS mitigation techniques are based on the fact thatC_N 0 levels of such

signals are more likely to be lower than that of the LOS signals (Braasch, 2017; Jiang et

al., 2011; Irish, Isaacs, Quitin, Hespanha, & Madhow, 2014). In our work, we propose

the hypothesis that theC_N 0 level averaged during a given period of time among all the

satellites tracked in a given area would correlate with a higher probability of attenuated and

NLOS signal reception, along with the reception of signals contaminated with destructive

multipath in that area.

A high number ofC_N 0 readings associated with a given space-time cube should

be collected to compute the statistics of interest populating GNSS multipath environment

map. However, the city environment does not remain static: new constructions are carried

out, old buildings are being dismantled, systematic tra�c congestion shifts locations due

to road constructions. Therefore, theC_N 0 space-time statistics need to be continuously

updated in real time to re�ect the changes in the environment.

The basis of the GNSS environment mapping problem is then in implementation of a

framework capable of a large-scale data stream processing in real time. The continuously-

produced connected vehicle data is streamed through the cellular access infrastructure to

cloud-based servers for processing. Standard batch-processing systems based on MapRe-

duce (Dean & Ghemawat, 2008) require to �rst collect all data of interest in a batch and,

therefore, su�er from latency imposed by the batch size (Akidau et al., 2015). One modern

approach to stream processing is to use micro-batches of data and to carry out operations

of interest on each batch. An example of software using such an approach is Spark Stream-

ing1 allowing for batch sizes as short as 0.5 seconds. However, the latest developments in

stream processing pursue a philosophy of treating an input data stream as something that

1Apache Spark Streaming: https://spark.apache.org/streaming/

34



will never become complete, with the Data�ow model being the basis of such an approach

(Akidau et al., 2015).

The network link of a connected vehicle could be disrupted and the data could arrive

at the processing cluster with a delay of several minutes or even several hours. More-

over, a data duplicate could arrive to the cluster a�ecting theC_N 0 statistics of interest

if such a reading is processed. In the case of late arrival, the statistics for a time win-

dow that is already expired should be recalculated. In the case of duplicate arrival, such

a reading should be discarded (the concept is known as "exactly-once" logic (Huang &

Garcia-Molina, 2001)).

2.2.2. System Architecture

We use Apache Flink2 as a core library for the GNSS environment mapping as it �ts to the

requirements outlined in Section 2.2.1. Apache Flink is a derivative of the Data�ow model,

and it is an open-source framework capable of both unbounded data (stream) and bounded

data (batch) processing, while treating bounded data as a special case of the streaming ap-

plications. It supports the event-time processing allowing to calculate necessary statistics

based on a moment of time a connected vehicle reading occurred, rather than based on a

moment of time the reading arrived at the cluster (Carbone, Katsifodimos, et al., 2015).

Apache Flink is also a distributed data processing system, allowing to accommodate the

high volume of streamed data by allocating computation resources as a situation requires

(Carbone, Katsifodimos, et al., 2015). Apache Flink supports integration with established

resource managers such as Apache Hadoop YARN3. The resource requirements are esti-

mated based on the application parallelism con�guration and the corresponding request is

sent to a resource manager (Carbone, Katsifodimos, et al., 2015). The exactly-once logic is

ensured by the Flink checkpointing mechanism described in Carbone, Fóra, Ewen, Haridi,

2Apache Flink: https://�ink.apache.org/
3Apache Hadoop YARN: https://hadoop.apache.org/docs/current/hadoop-yarn/hadoop-yarn-

site/YARN.html
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and Tzoumas (2015).

The proposed system architecture is presented in Figure 2.1. The connected vehicle

mapping �eet transmits packets of the GNSS receiver readings via the cellular Internet

connection to the server at a 1 Hz rate. Each packet contains a timestamp in the UTC time

system, the geographic coordinates determined by the proprietary positioning algorithms

of a connected vehicle, and theC_N 0 measurements per each tracked satellite. The geospa-

tial processing block implemented with Flink calculates the averageC_N 0 level among the

readings belonging to a given space-time cube (here the metric is denoted as„mC_N 0
). The

computed statistics are then sent to Elasticsearch4 updating the GNSS environment map

stored there in real-time. Elasticsearch is an open-source, distributed search and analytics

engine integrated with Kibana5, an open-source data visualization tool.

For a user to extract the metric of interest from the map, a spatio-temporal query has

to be sent to Elasticsearch based on the UTC timestamp and the last coordinates available

to the user. The extracted„mC_N 0
metric is then applied in the positioning �lter. Section 2.4

contains an example of such an application for on-the-�y weighting function adjustment

in GNSS-only positioning scenario.

2.3. Pilot Project Description and Results

The system described in Section 2.2.2 is not yet implemented at full scale but is at the

prototype stage. The collection of the data populating the map was performed with two

positioning boards designed by Parkofon Inc.6 (Figure 2.2a) and installed on the dashboard

of a vehicle (Figure 2.2b). The GNSS capability of the boards is supported by the u-blox

M8N receiver module and the Taoglas CGGBP.25.4.A.02 patch antenna. Both GPS and

GLONASS data were collected during the pilot project.

The unavailability of a higher number of vehicles participating in the data collection

4Elasticsearch: https://www.elastic.co/
5Kibana: https://www.elastic.co/kibana
6Parkofon Inc.: https://www.parkofon.com/
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Figure 2.1: Continuous GNSS multipath environment mapping architecture.

(a) Parkofon board view. (b) Vehicle dashboard installation.

Figure 2.2: Pilot project data collection setup.
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Figure 2.3: GNSS multipath environment map: large scale. Lower Manhattan and down-
town Brooklyn areas.

campaign was compensated with an extensive piloting time (total 17 hours 43 minutes)

in a limited area of a city driving on the same roads repeatedly. The map was produced

based on the observations collected on 4 days: August 15, 17, 18 and 19, 2018. New York

City was selected as the campaign location being one of the most challenging urban areas

for GNSS in North America. Two areas were the subject of extensive mapping: lower

Manhattan and downtown Brooklyn.

The large scale map view is presented in Figure 2.3 with the dark red areas indicating

higher „mC_N 0
level and the green areas indicating lower„mC_N 0

level. For our prototype

implementation, a square grid shape was selected with the side of a grid element being 20

m. No temporal discretization was applied due to uneven distribution of the input readings

in time.

Figure 2.4 depicts the GNSS signal strength map of the area in lower Manhattan.

The square markers represent the centres of the map space bins. The circled sector A

corresponds to a relatively open-sky area of West Street (the street view is shown in Figure

2.5a). The circled sector B corresponds to the deep urban canyon conditions of Barclay
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Figure 2.4: GNSS signal strength map enlarged; Lower Manhattan area.

Street (the street view is shown in Figure 2.5b).

The „mC_N 0
values for the sectors A and B correlate with the obstruction environment

in place. The„mC_N 0
of the less obstructed sector A:„mC_N 0;A = 39:3 (dB-Hz); while the

„mC_N 0
of the more obstructed sector B is lower:„mC_N 0;B = 18:1 (dB-Hz). This tendency

is repeatable throughout the surveyed area and allows us to further integrate the GNSS

multipath environment map into the algorithms at the user side.

2.4. Map-aided Weighting Function Adjustment

For navigation in urban areas with GNSS, it is a challenge to �nd an optimal set of �lter

parameters as the obstruction environment signi�cantly changes with the positioning plat-

form movement. This section describes our proposed approach of adjusting the parameters

of the GNSS observation weighting function with respect to the„mC_N 0
retrieved from the

map. The block-scheme of the proposed algorithm is provided in Figure 2.6. When the

�rst position �x is obtained, the algorithm sends a request to the server with the timestamp

and the coordinates determined at the previous epoch. If one is available in the current user

area, the server response includes the„mC_N 0
metric retrieved from the GNSS multipath en-
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(a) West Street view; sector A. Retrieved
from Google Earth.

(b) Barclay Street view; sector B. Retrieved from
Google Earth.

Figure 2.5: Spatio-temporal GNSS multipath environment mapping illustration.

vironment map. Next, the GNSS observation weighting functionR is adjusted according

to Equations 2.1-2.47:

R
�

q¨; M
�

„m¨
C_N 0

��
= A + Be

q¨

M
0

„m̈
C_N0

1

(2.1)

where

M
�

„m¨
C_N 0

�
= e

„m̈
C_N0

* K1

K2 + K3 (2.2)

q¨ = k1q (2.3)

„m¨
C_N 0

= k2 „mC_N 0
(2.4)

k1 = 1 (1/degree)

k2 = 1 (1/dB-Hz)

q the elevation angle of a satellite (degrees)

A; B weighting function coe�cients

7The weights are set to grow exponentially with the increase of satellite elevation angles (Equation 2.1).
Correspondingly, less weight is assigned to signals arriving from lower elevation angles that are expected to
exhibit more noise due to re�ections and multipath. Additionally,M . „m̈C_N 0

/ parameter de�nes the steepness
of the above exponential weighting function (Equation 2.2), allowing for its better �t to the pseudorange
residual distribution observed from the test dataset.
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Figure 2.6: Map-aided automatic weighting adjustment algorithm.
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„mC_N 0
the averageC_N 0 level retrieved from the GNSS multipath environment map (dB-Hz)

K1; K2; K3 the shaping coe�cients of functionM

In case„mC_N 0
is not available, the algorithm applies the default elevation angle weighting

functionR0.q/:

R0 .q/ = A + Be
q¨

M 0 (2.5)

whereM 0 is constant.

2.5. Practical Results

This section includes the performance analysis of the algorithm described in the Section

2.4.

Following the generation of the GNSS multipath environment map, using the Parko-

fon devices, three experimental datasets were collected on three di�erent days (August

19, 20 and 22, 2018) with a Septentrio AsteRx-m2 receiver and Maxtena M1227HCT-

A2-SMA antenna mounted on the roof of the vehicle. The photo of the experimental

setup is provided in Figure 2.7. Downtown Brooklyn was chosen for testing as the area

with the most dense GNSS multipath environment map coverage. The more sparsely

mapped Brooklyn residential areas were also included in the testing tracks. The 1-Hz GPS

and GLONASS code-only data (C1 observable) was recorded for post-processing using a

Kalman �lter to estimate the receiver coordinates and other parameters.

2.5.1. GNSS Observation Model

In our processing engine, the pseudorange observable was modelled as follows:

P j = � j + c
�
dT * dtj

�
+ T j + I j + " P (2.6)
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(a) (b)

Figure 2.7: Two views of the experimental setup for the raw GNSS observations collection.

where

� geometric range between antenna phase centers of receiver and satellite (m)

c speed of light in vacuum (m_s)

dT receiver clock o�set (s)

dt satellite clock o�set (s)

T tropospheric delay (m)

I ionospheric delay (m)

" P measurement noise and any residual bias for pseudorange

The Kalman �lter state vector contains the following parameters: residual tropo-

spheric delay, receiver coordinates, GPS and GLONASS receiver clock8. The CNES

(Centre National d'Etudes Spatiales) ultra-rapid orbits and clock corrections were used,

the ionospheric delays were modelled based on the European Space Agency (ESA) global

ionospheric maps. The tropospheric delays were modelled based on the RTCA MOPS

tropospheric delay model (Minimum Operational Performance Standards for Global Po-

sitioning System/Satellite-Based Augmentation System Airborne Equipment, Radio Trans-

mission Commission for Aeronautics, 2016), which is based on UNB work of Collins and

8The residual tropospheric delay state is expected to absorb at least some of the residual ionospheric
delay. The residual ionospheric delay is chosen not to be estimated in a separate state to keep the minimum
number of satellite signals from one constellation for the solution to exist at �ve.
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Figure 2.8: Weighting functions with respect to the„mC_N 0
retrieved from the GNSS mul-

tipath environment map and the default weighting function.

Langley (1999). Range term� is corrected for Earth tides, ocean loading and relativistic

e�ects.

2.5.2. Filter Parameters

The default �lter parameters were determined empirically to achieve the best performance

in terms of solution accuracy and availability among the three experimental datasets cov-

ering residential and downtown areas of Brooklyn with the total duration of 5 hours. The

elevation angle cut-o� was set to 15 degrees. For the default weighting functionM 0 = 15.

The coe�cients from the Equations 2.1-2.4 are as follows:A = 0:5; B = 5; K1 = 20;

K2 = 7; K3 = 4:5.

Figure 2.8 shows the default weighting function plotted along with examples of �ve

environment-adjusted weighting functions. The lower the retrieved„mC_N 0
is, the more

weight is assigned to the observation from the satellites with higher elevation angles that

more likely to be the LOS signals.
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(a) Fulton Street, Brooklyn. (b) Livingston Street, Brooklyn.

(c) Lafayette Ave, Brooklyn. (d) State Street, Brooklyn.

Figure 2.9: Snapshot street views of the analyzed road segments. Retrieved from Google
Maps..

2.5.3. Performance of the Proposed Algorithm

The algorithm performance was evaluated by the analysis of the distances between the

coordinates calculated with our engine and the centre line of the road. Four streets were

selected for the analysis: two in the downtown area (Figure 2.9a, Figure 2.9b) and two in

the residential area (Figure 2.9c, Figure 2.9d) in Brooklyn. Fulton and Livingston Streets

evidently introduced a more challenging obstruction environment compared to Lafayette

Avenue and State Street.

The time series of the distances between the calculated coordinates and the centre line

of the road compare the performance of the algorithms and are provided in Figure 2.10 a-

d. For an estimated 86% of the track, our proposed map-aided weighting performed better

45



than when the default weighting function applied during the whole track. The comparison

of the average distances to the centre line of the road is provided in Figure 2.11.

Based on the calculated statistics, the map-aided weighting of the observations brings

approximately 25% and 35% accuracy improvement in the dense urban area and in the

intermediate residential environment respectively. Additionally, there were instances of

faster solution re-convergence observed when the position �x was lost due to insu�cient

number of the satellites tracked while passing through narrow streets or where there were

overhead obstructions (Figure 2.12).

2.6. Discussion and Future Work

Several challenges need to be addressed for the proposed system to transition from the

prototype stage to the full-scale implementation. TheC_N 0 observable utilized for the

GNSS multipath environment map population is determined by the receiver manufacturer

proprietary algorithms. Hence, in order for the„mC_N 0
levels to be unbiased, normalization

procedures need to be implemented. This would soften or eliminate the hardware con-

straints on the mapping �eet and would facilitate its growth. With more data available, the

temporal discretization of the map needs to be implemented as the geometry of the satel-

lites changes in the course of the day as does the GNSS multipath environment. The user

of the system in turn is supplied with more accurate space-time environment statistics for

the �lter parameter adjustment. The optimal dimensions of the mapped space-time cube

remain an open question: more real-world data needs to be collected in order to provide

better mathematically-derived estimations. We also plan to investigate the bene�ts of a

variable-dimension space-time cube with respect to the area and the mapping �eet density.

Mass-market navigation in urban areas is a multi-sensor problem, GNSS being just

one of the data sources. Automatic �lter tuning and sensor prioritization with respect to the

environment of operation has become a subject of location estimation research (Grejner-
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(a)

(b)

(c)

(d)

Figure 2.10: Two views of the experimental setup for the raw GNSS observations collec-
tion. 47



Figure 2.11: Two views of the experimental setup for the raw GNSS observations collec-
tion.

Figure 2.12: Two views of the experimental setup for the raw GNSS observations collec-
tion.
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Brzezinska et al., 2016). In our future work, we are aiming to extend the environment

map-aided �lter tuning to a multi-constellation GNSS approach integrated with IMUs and

other sensors to reach better positioning accuracy, availability and resilience levels.

2.7. Conclusions

The scalable prototype for the continuous GNSS multipath environment mapping software

architecture was presented in this work. The produced map was validated against the ob-

struction environment in the urban areas in lower Manhattan and downtown Brooklyn.

Utilizing the map as a source of an a priori statistics for Kalman �lter parameter tuning

in the case of pure GNSS code-only processing allowed for positioning accuracy improve-

ment in the range of 25-35%. The challenges and current limitations of the method were

discussed along with the further system development propositions.
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Chapter 3

Multipath Prediction and Detection for

Navigation in Challenging Urban Areas

This chapter provides a more in-depth look into the GNSS multipath environment mapping

concept described in Chapter 2. We address the issue of gaps in the map coverage by de-

veloping a procedure for training a RF model predicting the GNSS multipath environment

map based on data re�ecting location and properties of urban objects relative to a point of

interest.

To develop an intuition on how the RF model works, consider the following example.

A GNSS engineer placed at the intersection of Drummond and René-Lévesque streets in

Montréal is assigned with a task of predicting which one of the three classes, �low�, �av-

erage� or �high�, the averageC_N 0 level among all tracked satellites falls into. Based on

their knowledge on factors a�ecting GNSS signal strength, the engineer �rst considers the

horizon view: with buildings in proximity, some tracked signals may be re�ected, ruling

out theC_N 0 level prediction to be �high�. Next, the engineer follows up with determin-

ing if they are in the tunnel (the answer to this question is �no�, ruling out theC_N 0 level

prediction to be �low�). With the two out of three options excluded, the engineer gives

the prediction as �average�. More con�dence in the prediction would be reached with

additional factors analysed; for example by taking into account the surrounding building

heights, the area of the sky blocked by tree foliage, and other observations. The deci-
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sion process the engineer goes through to make a prediction corresponds to a decision tree

(DT) of the RF model. The DT consists of branches corresponding to true/false answers

the engineer is giving when evaluating the surroundings. In the process of training, the

RF model aims to �nd the relationship between the features (building proximity, building

height, foliage, etc.) and labels (the corresponding real-world measuredC_N 0 levels) by

constructing a DT that takes as input random subsets of features and random training data

samples. To increase prediction accuracy, the RF model �grows� many trees and averages

out their predictions. For an in-depth technical discussion on the subject, refer to the paper

by Breiman (2001).

After the initial proof-of-concept in the GNSS-only scenario provided in Chapter 2,

here we focus on applying the GNSS multipath environment map to more complex posi-

tioning algorithms, namely the loosely- and tightly-coupled IMU/GNSS engines.

This chapter was published as a peer-reviewed journal article:

Smolyakov, I., Rezaee, M., & Langley, R. B. (2020). Resilient Multipath Prediction and
Detection Architecture for Low-cost Navigation in Challenging Urban Areas.NAVIGA-
TION, 67, 397-409. https://doi.org/10.1002/navi.362

Minor modi�cations are applied to the original text for the notation and formatting to

be consistent with the rest of the dissertation. Footnotes are added to further explain some

details in the text.
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Abstract

A twofold architecture based on GNSS multipath environment prediction and detection

is presented in a context of loosely-coupled and tightly-coupled IMU/GNSS integration

for navigation in urban areas. A signal quality monitoring group of techniques is applied

for a platform self-contained e�ort to detect and exclude multipath-contaminated GNSS

signals. Additionally, the sensor integration Kalman �lter stochastic model is adjusted on-

the-�y based on a GNSS multipath environment map. The map is populated by means of

crowdsourcing and contains the spatial distribution of average carrier-to-noise-density ra-

tio measurements, linked to the probability of non-line-of-sight, multipath-contaminated,

di�racted, and attenuated signal reception. To address the map availability issue, a ran-

dom forest machine learning model is developed to propagate the map to the city areas

not directly surveyed by the mapping �eet based on open-access geographic data. The ar-

chitecture performance is evaluated in the automotive scenario showing 13-17% accuracy

improvement compared to a conventional Kalman �lter.

3.1. Introduction

GNSS-based positioning and navigation in obstructed urban environments is a challenging

task. Unlike in open sky conditions, satellite geometry is degraded due to signal obstruction

by buildings, tree foliage, and vehicles. Additionally, GNSS signals are re�ected from

these objects leading to NLOS and multipath-contaminated signal reception. Mass-market

platforms are typically restricted in size and cost, and the use of sophisticated hardware

designed to mitigate multipath is not practical or even possible. Further, modern cities are

complex dynamic environments imposing a signi�cant di�culty for the multipath-e�ect

deterministic modelling on the mass-market platform position computation level (Braasch,

2017).
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To isolate the multipath e�ect, a series of RAIM-type consistency checking tech-

niques is proposed with the underlying principle that multipath-contaminated signals pro-

duce a less consistent positioning solution. In Jiang et al. (2011), solution inconsistencies

are detected by comparing a test statistic based on the sum of the squared solution residuals

with an empirically determined threshold. If the threshold is exceeded, the measurement

with the largest normalized residual is eliminated and the process is repeated until the test

is passed or an insu�cient number of measurements is left. This technique is further en-

hanced by producing a �nal solution based on the best available measurement subset and

the measurements that passed the residual examination, along with the height aiding from

the digital terrain model (Jiang & Groves, 2012). The use of 3D city models has been

explored to simulate pseudorange measurements by ray-tracing with the further exclusion

of inconsistent measurements (Hsu, Gu, & Kamijo, 2015; Obst, Bauer, & Wanielik, 2012)

or reaching the positioning solution by comparing coordinates calculated from measured

and simulated pseudoranges (Hsu, Gu, & Kamijo, 2016; Miura & Kamijo, 2015).

Machine learning is proved to be e�ective for classi�cation among LOS, NLOS, and

multipath-contaminated signals. In Hsu (2017), the support-vector-machine classi�er for

static applications was trained using features such as carrier-to-noise-density ratio, its rate

of change, pseudorange residuals, and the di�erence between the time-di�erenced pseudo-

range and pseudorange-rate. In a more recent work, such a classi�er was designed based

on the gradient boosting decision tree algorithm with only three features: carrier-to-noise-

density ratio, pseudorange residuals, and satellite elevation angle (Sun, Wang, Zhang, Hsu,

& Ochieng, 2020).

3D maps outline the shapes of the surrounding buildings, but with limited small fea-

ture representation such as road signs and tree foliage. However, such environmental fea-

tures including building materials and street anomalies have noticeable impact on the po-

sitioning solution accuracy (Adjrad, Groves, Quick, & Ellul, 2019).

Pseudorange multipath detection could be achieved by continuous SQM . The code-
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minus-carrier (CMC) observable is a metric allowing us to isolate pseudorange multipath

and the regions where multipath is present are characterized by the increased variance

of this observable (Beitler, Tollkuhn, Giustiniano, & Plattner, 2015; Bisnath & Langley,

2001). By applying statistical testing, SQM detects the change in the properties of the sig-

nal quality metrics with the further exclusion or de-weighting of the signals suspected of

being multipath-contaminated. Due to the limited reliability of such an approach, a cas-

caded algorithm combining several monitoring techniques has been explored by Pirsiavash,

Broumandan, Lachapelle, and O'Keefe (2018).

Degraded performance of GNSS-only coordinate estimation is addressed by integra-

tion of multiple sensors into a processing engine, including but not limited to IMUs, Li-

DAR, odometers and barometers (Chiang et al., 2020; Grejner-Brzezinska et al., 2016;

Wan et al., 2018).

One of the challenges of sensor integration with GNSS is to �rst detect a context of op-

eration and then to adapt the integration model and its con�guration accordingly (Groves,

Martin, Voutsis, Walter, & Wang, 2013; Wan et al., 2018). Kalman �lter parameter tun-

ing with respect to the platform behavioral features such as stops, straight motion, lane

changes, turns and roundabouts was demonstrated in the speci�c case of loosely-coupled

IMU/GNSS integration (Martí et al., 2012). Additionally, the AKF technique adjusts the

statistical parameters of the noise levels on-the-�y to avoid �lter divergence due to inaccu-

rate statistical modelling (He�es, 1966; Mehra, 1972). In the IAE implementation of AKF,

the process and measurement noise are adjusted based on the sliding window innovation

residual sequence (Almagbile, Wang, & Ding, 2010; Mohamed & Schwarz, 1999). The

MMAE technique runs a bank of Kalman �lters in parallel, with each having its own set

of parameters for process and measurement noise as well as the weight assigned to each

�lter. The optimal state estimate is computed based on the weighted combination of the

solutions of all the �lters. The weight of each �lter is then adjusted, so over time the system

converges to the most suitable statistical model (Hide, Moore, & Smith, 2003).
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Substantial research e�orts have been made to design systems exploiting strengths

and compensating weaknesses of sensors available for positioning. As an example, in

Chiang et al. (2020) the standard motion constraints in IMU/GNSS integration are extended

with barometric height and drift control routines, allowing mitigation of barometric noise

if the platform follows the behavior such that a signi�cant height change is not expected. A

complex symbiosis of LiDAR, IMU and GNSS is demonstrated in Wan et al. (2018) where

the GNSS ambiguity search space is reduced with the aid of inertial navigation that is in

turn constrained by LiDAR.

Our work explores the notion of an IMU/GNSS integration Kalman �lter stochastic

model adaptation based on the knowledge extracted with crowd-sourced GNSS observa-

tions directly from a real world city environment. Modern cities support a variety of mo-

bility solutions including taxi, car sharing, and public bicycle and scooter sharing �eets

equipped with mass-market GNSS receivers making it possible to collect rich georefer-

enced data re�ecting the impact of an urban environment on GNSS signal propagation.

The distribution of average carrier-to-noise-density ratio (C_N 0) levels across the city of

Montreal is considered in this study as a metric proportional to the probability of the NLOS,

multipath-contaminated, di�racted and attenuated signal reception and populating a GNSS

multipath environment map. Along with the GNSS multipath environment map-aided �lter

stochastic model adjustment, the CMC andC_N 0 SQM is implemented as a self-contained

e�ort to exclude the multipath-contaminated signals from processing with these two tech-

niques forming a resilient sensor integration architecture. Additionally, the availability

issue of the GNSS multipath environment map is addressed by training a random forest

model predicting the expected levels ofC_N 0 based on the open-access geographic data

and propagating the map to the areas with no prior coverage.

The paper is structured as follows. The GNSS multipath environment mapping con-

cept and map propagation model are discussed in Section 3.2. The implemented SQM

multipath detection is described in Section 3.3. The overview of the proposed architecture
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(a) Complete spatial grid (green), speci�c grid ele-
ment (red) and mapping �eet tracks (yellow) super-
imposed on Bing Maps.

(b) Six one-hour temporal slots. 3D city view
retrieved from Google Earth.

Figure 3.1: Spatio-temporal GNSS multipath environment mapping illustration.

is provided in Section 3.4. The experimental data collection campaign and performance

evaluation of the implemented methods are given in Section 3.5. Finally, the discussion of

the method limitations and the potential for future work are outlined in Section 3.6.

3.2. Multipath Prediction

3.2.1. GNSS Multipath Environment Mapping Concept

Let us �rst consider a spatial hexagonal grid with a diameter of the inscribed circle of 25

m arbitrarily applied to the selected urban area (Figure 3.1a). Given that large volumes of

GNSS logs generated by a potential mapping �eet are available in the selected area, it be-

comes possible to collect an extensive statistical representation of theC_N 0 observations

per spatial grid element. Due to satellite geometry change with time, a temporal dimen-

sion is added to the map to account for the subsequent variation in theC_N 0 statistics as

indicated in Figure 3.1b, for example, by hour-by-hour changes. Equation 3.1 illustrates

the computation of the averageC_N 0 metric „mC_N 0
populating the GNSS multipath envi-

ronment map:
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where

rm input reading vector for mapping

t timestamp (UTC)

� latitude (decimal degrees)

' longitude (decimal degrees)

N sat number of tracked satellites

j satellite index

G spatial grid element geometry

i spatial grid element index

T temporal slot start time

l temporal slot index

N grid -els total number of spatial grid elements

N slots total number of time slots

� T time slot duration (min)

A lower level of individualC_N 0 observations is a sign of NLOS, destructive multipath-

contaminated, di�racted and attenuated signal reception (Braasch, 2017; Groves, Jiang,

Rudi, & Strode, 2013). As a consequence, the mapped„mC_N 0
statistic is representative of

expected GNSS signal inconsistencies across the entire area of operation of a positioning

59



Table 3.1: GNSS multipath environment mapping: data collection campaign details.

GNSS
receiver

GNSS
antenna

Campaign
duration

Data collection
time window (local

time)
Area covered

u-blox
EVK-M8T

Tallysman
TW3470

21 hours (7
sessions)

from 3 am to 6 am Montreal:10km2

(a) Boulevard René-Lévesque area
along with narrow streets. Superim-
posed on Bing Maps.

(b) Boulevard Robert-Bourassa area
including a tunnel on Saint-Antoine
Street. Superimposed on Bing
Maps.

Figure 3.2: GNSS multipath environment map illustration.

platform.

Section 3.4 contains the proposed application of the„mC_N 0
retrieved from the map

for the Kalman �lter measurement noise covariance adaptation.

3.2.2. Data Collection Campaign and Results

In this work, the mapping �eet behavior was replicated by a single data collection vehicle

driving repetitively in the limited area of Montreal selected for testing. The mapping GNSS

logs collection campaign details are provided in Table 3.1. The EVK-M8T coordinates

output at 2-Hz rate were used in the map populating process. The early morning was chosen

for data collection to avoid tra�c congestion in the downtown area maximizing the ratio

of the distance traveled to time spent. Following Equation 3.1, the„mC_N 0
was computed

populating the GNSS multipath environment map. Two examples of the generated map

are presented in Figures 3.2a and 3.2b.
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3.2.3. GNSS Multipath Environment Map Prediction

The mapping approach described in Sections 3.2.1 and 3.2.2 has a disadvantage of limited

map availability. Some city streets are likely to be restricted for the mapping �eet due

to road construction, and insu�cient statistics could be collected for the roads with less

tra�c. Moreover, the availability of the mapping �eet for the entire city road network is

not guaranteed. These factors limit the potential use of the map and to overcome the issue,

we investigate the prospect of propagating the GNSS multipath environment map to the

areas not directly surveyed by the mapping �eet applying machine-learning techniques.

The complexity of a dense urban area for the machine-learning model training is

represented by the following open access geographic data including the features a�ecting

the GNSS signal propagation and theC_N 0 level speci�cally:

ˆ 2D building polygons (vector layer);

ˆ road polygons (vector layer);

ˆ road types;

ˆ LiDAR digital elevation model (DEM) (raster layer);

ˆ tree foliage geometries (vector layer).

The feature data layers were converted to raster images with a resolution of 1700 pixels

• 1700 pixels, each pixel representing a 2.5 m• 2.5 m square of the feature layer assigned

with a value. These raster layers are used as inputs for the machine learning model training.

Binary pixel values were used to indicate the presence or absence of foliage or of a building

object (e.g. in case of building polygons, "1" is assigned when a building is present and "0"

is assigned when no building is present), elevation values were extracted from the LiDAR

DEM and numbers representing road types were assigned to the corresponding raster road

data layer pixels. Acting as a label data layer, the real-world GNSS multipath environment

map was converted to a raster image of the same dimensions (1700 pixels• 1700 pixels)

with each pixel assigned with the corresponding„mC_N 0
. The raster layer illustrations for a

selected city area (325 m• 500 m) are provided in Figure 3.3.
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(a) 2D building polygons. (b) Road polygons and types.

(c) LiDAR DEM. (d) Foliage.

(e) GNSS multipath environment map (label layer).

Figure 3.3: Feature and label data layers representation in raster form for a selected city
area.
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Figure 3.4: GNSS multipath environment map prediction diagram.

The general scheme of the machine learning is provided in Figure 3.4. The RF is an

ensemble machine learning method that is capable of performing both classi�cation and

regression tasks using various decision trees (DTs) in a parallel paradigm (Ho, 1995). For

each DT, a random sample of the observations is selected for training through a bootstrap-

ping method, which uses some samples in each tree multiple times. Selecting a di�erent

set of samples in each tree will end up having a high variance for each tree, while overall,

the entire forest will have lower variance, but not at the cost of increasing the bias. Be-

sides, due to the random selection and averaging at the end, the e�ect of random noise

in the observation would be minimized. The two main parameters of the random forest,

that should be adjusted are the number of trees and the number of variables (Belgiu &

Dr guµ, 2016). In our study, a total number of 500 trees was selected in the classi�cation

model. Moreover, the square root of the number of input variables was considered to de-

crease both the computational complexity of the model and the correlation between trees

(Gislason, Benediktsson, & Sveinsson, 2006).

The RF model map prediction accuracy has been evaluated by comparing the model
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predictions with the real-world GNSS multipath environment map for the city territory,

labels for which were not used for the RF model training. Here we make an assumption

that when the prediction is less than 1 dB-Hz di�erent from the original GNSS multipath

environment map, it is accepted as correct. Based on the assumption above, the RF model

produced the„mC_N 0
predictions with 89% accuracy.

As a follow up on the above evaluation, the RF model trained on data from Montreal

has been applied to generate a GNSS multipath environment map for another city (Miami,

Florida). For details on this test refer to Appendix B.3.

3.3. Signal Quality Monitoring

3.3.1. Background on Signal Quality Monitoring (SQM)

Let us consider an example of a real-worldC_N 0 time series collected in Fredericton,

NB, in February 2019 while the test vehicle entered, drove through and exited deep urban

canyon road conditions (Figure 3.5a) with two GPS satellites presented for analysis: satel-

lite G32, with an elevation angle of 81 degrees; satellite G31, with an elevation angle of

50 degrees. It can be seen from Figure 3.5a that theC_N 0 time series is perturbed while

navigating in the urban canyon conditions typically experiencing a multipath environment

and resulting in a growth of the observable sample variancess2
C_N 0

(20 epochs sample size,

Figure 3.5b). Thes2
C_N 0;G32 is higher thans2

C_N 0;G31 likely due to the lower elevation angle

of the satellite G32 correlating with the higher probability of multipath contamination.

If both carrier-phase and pseudorange measurements are available at the given epoch

of observations, it is possible to monitor the presence of multipath on pseudorange mea-

surements by forming a CMC observable. Multipath error of the carrier phase is typically

smaller than that of the pseudorange by approximately 2 orders of magnitude, therefore,

by di�erencing the pseudorange and carrier-phase measurements along with the cautious

modelling of other error sources, according to Braasch (2017), the multipath error could
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Figure 3.5: SQM analysis while moving through a multipath environment: (a)C_N 0 time
series; (b)s2

C_N 0
time series; (c)C_N 0-based multipath detection �ag; (d) CMC time series;

(e) s2
CMC time series; (f) CMC-based multipath detection �ag.
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be monitored from the following approximation of the CMC observable:

P j * � j ù 2I j + M j
P + �N j + " P (3.2)

where

j satellite index

P pseudorange measurement (m)

� carrier-phase measurement (m)

I ionospheric delay (m)

M P pseudorange multipath error (m)

�N carrier-phase range integer ambiguity (m)

" P pseudorange noise (mostly)

The behavior of the CMC observable in the presence of multipath conditions is dis-

played in Figure 3.5d. The plot in Figure 3.5e contains corresponding sample variances

(20 epochs sample size) of the CMC observable denoted ass2
CMC . Note that thes2

CMC time

series (Figure 3.5e) follows a pattern similar to that ofs2
C_N 0

(Figure 3.5b), con�rming that

the statistical analysis of the CMC observable allows for multipath monitoring as well.

3.3.2. Multipath Detection Signi�cance Test

The analysis of the real-world multipath scenario provided in Subsection 3.3.1 suggests that

multipath detection could be carried out by monitoring the change of statistical properties

of the SQM metrics, namelyC_N 0 and/or CMC observables. In this work, a single-tailed

signi�cance test is implemented for such purpose based on previous research (Beitler et

al., 2015; Bisnath & Langley, 2001; Pirsiavash et al., 2018) as follows:

� j = �L
sj 2

obs

s2
obs;ref

(3.3)
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where

� signi�cance test statistic

s2 sample variance of the SQM metric

obs SQM metric type:C_N 0 or CMC

ref reference satellite index

L sliding window size

� scaling coe�cient

Thes2
obs;ref value is determined empirically for a reference satellite with high elevation

angle in open-sky conditions, the signal from which is expected to be essentially multipath-

free.

The following hypotheses are applied:

H 1 : � j > � c (3.4)

H 0 : � j Í � c (3.5)

where

H 1 "multipath present" hypothesis

H 0 "no multipath present" hypothesis

� c multipath detection threshold1

3.4. Integration Architecture Overview

During the development of the architecture, a variety of IMU/GNSS integration con�gura-

tions were tested with two selected for analysis in this paper: tightly-coupled and loosely-

coupled GPS + Galileo C1C, L1C and D1C observable processing. The details on our

1The� c threshold is set as follows: �rst, the open-sky segment of the test dataset is analysed to determine
the maximum expected� j in low-multipath conditions; next, the� c is increased incrementally starting from
the maximum� j observed in the previous step and attempting multipath detection in obstructed areas; the� c
value, allowing it to reach maximum absolute positioning accuracy while meeting the desired availability, is
accepted as the multipath detection threshold.
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applied sensor integration are provided in Sections 3.4.1 and 3.4.2.

For further details on sensor integration and Kalman �ltering refer to Appendix A.

Standard KF equations are outlined in Appendix A.1, navigation equations in the ECEF co-

ordinate frame are listed in Appendix A.3, and the architecture-speci�c matrix population

is presented in Appendix A.4.

3.4.1. Loosely-Coupled IMU/GPS Integration

In a standalone GNSS solution, measured pseudorange, pseudorange-rate2 and carrier-

phase observables are modelled as follows:

P j = � j + c
�
dT * dtj

�
+ T j + I j + " P (3.6)

†P j =
�
uj

� T �
vj

s * vGNSS

�
+ c

�
d †T

�
+ " †P (3.7)

� j = � j + c
�
dT * dtj

�
+ T j * I j + �N j + " � (3.8)

where additionally

†P pseudorange-rate measurement (m_s)

� geometric range between antenna phase centers of receiver and satellite (m)

c speed of light in vacuum (m_s)

dT receiver clock o�set (s)

dt satellite clock o�set (s)

c.d †T/ receiver clock drift (m_s)

T tropospheric delay (m)

u receiver-satellite line-of-sight vector

vGNSS receiver velocity vector (m_s)

2The pseudorange-rate measurement is obtained by multiplying the Doppler shift measurement by the
signal wavelength and negative one; it re�ects the geometric range rate between the satellite and the receiver.
In literature the term "pseudorange-rate" (e.g., used in Chiou (2010), Groves (2013a), and Gaglione and
Petovello (2015)) is equivalent to the term "range-rate" (e.g., used in Godha (2006) and Serrano, Kim, Lang-
ley, Itani, and Ueno (2004)). In this dissertation, Doppler shift is obtained directly from the GNSS receiver,
but it could also be generated through carrier-phase time-di�erencing (Serrano et al., 2004).
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Table 3.2: GNSS processing speci�cations.

Parameter Description

Ionosphere correction GIM (ESA, rapid)

Troposphere model RTCA MOPS

Precise orbits and clock products GFZ, id: gbm

vs satellite velocity vector (m_s)

" P measurement noise and any residual bias for pseudorange

" †P measurement noise and any residual bias for pseudorange-rate

" � measurement noise and any residual bias for carrier phase

Table 3.2 contains the details on the GNSS error source corrections applied. The EKF

is implemented for the GNSS-only position and velocity computation following Groves

(2013a, 2013d), with the state vectorxGNSS set as:

xGNSS =
�
�T vGNSS � rGNSS BGP S BGAL

†BGP S
†BGAL N

� T

(3.9)

where

�T residual tropospheric delay (m)

� rGNSS receiver position correction vector (m)

N carrier-phase range integer ambiguity vector (m)

BGP S = cdTGP S receiver GPS clock o�set (m)

BGAL = cdTGAL receiver Galileo clock o�set (m)

†BGP S = cd †TGP S receiver GPS clock drift (m_s)

†BGAL = cd †TGAL receiver Galileo clock drift (m_s)

The loosely-coupled IMU/GNSS Kalman �lter is implemented following Groves (2013b,
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2013c, 2013d), with the state vectorxLC set as:

xLC =
�
�  � v � r b a bg

� T

(3.10)

where

�  attitude vector (rad)

� v receiver velocity correction vector (m_s)

� r receiver position correction vector (m)

ba accelerometer bias (m_s2)

bg gyroscope bias (rad_s)

For further details on loosely-coupled IMU/GNSS integration refer to Appendix A.4.1.

3.4.2. Tightly-Coupled IMU/GNSS Integration

In our tightly-coupled implementation, pseudorange, pseudorange-rate and carrier-phase

observables are modelled according to Equations 3.6,3.7 and 3.8. The processing method

follows Groves (2013b, 2013c, 2013d), and the EKF state vectorxT C is set as:

xT C =
�
�  � v � r b a bg BGP S BGAL

†BGP S
†BGAL N

� T

(3.11)

For further details on tightly-coupled IMU/GNSS integration refer to Appendix A.4.2.

3.4.3. Multipath Detection and Prediction Scheme

The block diagram of the implemented architecture is shown in Figure 3.6. The SQM

discussed in Section 3.3 is responsible for selection of GNSS signals that are least-likely

to be multipath-contaminated. TheC_N 0 and CMC monitoring is performed in parallel

followed by the satellite exclusion or de-weighting block. On-the-�y stochastic model

adjustment of the Kalman �lter is implemented by �rst performing a spatio-temporal query

of the GNSS multipath environment map.
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If heading information is available in the navigation system, a directional map query

is performed to sample only the grid elements holding the„mC_N 0
statistics of the upcoming

GNSS environment conditions (Figure 3.7a). In case the heading is not available, the plat-

form queries the map omni-directionally (Figure 3.7b). The exact parameters of the map

spatial sampling depend on platform dynamics and on the processing technique used. The

scaling coe�cient 
 is then calculated as a function of„mC_N 0
:


 = f
�

„mC_N 0 i;l

�
; i : Gi ã Am (3.12)

wheref is application speci�c and is designed based on a sensor integration strategy (Sec-

tion 3.5.2 contains the description off applied in this work); andAm is the map query

area.

The measurement noise covariance is then scaled:

RLC =

b
f
f
f
f
d


 LC R0
r

R0
v

c
g
g
g
g
e

; RT C =

b
f
f
f
f
f
f
f
d


 T C R0
P

R0
†P


 T C R0
�

c
g
g
g
g
g
g
g
e

(3.13)

where


 LC ; 
 T C measurement noise scaling coe�cient for loosely-coupled and tightly-coupled integration

RLC ;RT C adjusted measurement noise for loosely-coupled and tightly-coupled integration

R0
r default position measurement noise

R0
v default velocity measurement noise

R0
P default pseudorange measurement noise

R0
†P default pseudorange-rate measurement noise

R0
� default carrier-phase measurement noise
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(a) Directional sampling. (b) Omni-directional sampling.

Figure 3.7: GNSS multipath environment map spatial sampling illustration.

3.5. Experimental Results

3.5.1. Test Data Collection Campaign

The speci�cation and con�guration of the equipment used in the data collection campaign

is provided in Table 3.3. Figures 3.8a, 3.8b and 3.8c illustrate the equipment installation

in/on the test vehicle. The data collection was performed on August 10, 2019 in Montréal.

The test trajectory included a variety of urban conditions with the emphasis on heavily

obstructed environments occurring on an estimated 50% of a 7 km trajectory. See Figure

3.9 for examples of the track environments and Figure 3.10 for the overview of the track.

The NovAtel SPAN system provided the reference trajectory, taken as truth. 2D absolute

errors of our processing architecture were computed by di�erencing the computed and ref-

erence trajectories and the statistical performance expressed as distance root mean square

(DRMS) and twice distance root mean square (2DRMS).

3.5.2. Architecture Performance Evaluation

Figure 3.11 illustrates the architecture reaction example to a scenario when the test plat-

form transitioned from Boulevard de Maisonneuve to Rue de la Montagne. At the mark

73



(a) Rokubun Argonaut unit (left) and video cam-
era (middle) placement on dashboard.

(b) NovAtel SPAN: dual-antenna setup with mag-
netic mount on the roof.

(c) NovAtel SPAN: KVH-CPT
IMU and ProPak6 GNSS receiver.

Figure 3.8: Test data collection hardware.

(a) Obstructed: Sherbrooke Street. (b) Obstructed: Boulevard René-Lévesque.

(c) Moderate: Notre-Dame Street. (d) Minimally obstructed: Remembrance
Road.

Figure 3.9: Test track urban environments.
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Table 3.3: Equipment speci�cation, con�guration and placement

Designation Equipment Speci�cation Con�guration
Equipment
Placement

Reference
trajectory

determination

GNSS receiver: NovAtel
ProPak6;

GNSS antennas: NovAtel
GPS-703-GGG

(dual-antenna setup);

IMU: KVH-CPT

NovAtel SPAN solution,
1 Hz;

constellations tracked:
GPS, GLONASS

Antennas: roof
magnetic mount

Mass-market
GNSS

equipment

Rokubun Argonaut (GNSS
receiver: u-blox NEO-M8T

IMU: InvenSense
MPU-9250)

GNSS observations rate:
1 Hz;

Constellations tracked:
GPS, GLONASS, Galileo;

IMU data rate: 50 Hz

Dashboard mount,
middle of the
vehicle frame

Video
recording

GoPro Session 5
30 fps, wide angle video

mode

Dashboard mount,
middle of the
vehicle frame

Figure 3.10: Data collection track overview. 3D city view retrieved from Google Earth.
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Figure 3.11: Proposed architecture performance example. (a):„mC_N 0
retrieved by the

positioning platform from the GNSS multipath environment map after every �lter iteration;
(b): PDOP levels; (c): number of tracked satellites; (d): tightly-coupled IMU/GNSS 2D
error; (e): loosely-coupled IMU/GNSS 2D error.
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Table 3.4: Map-aided measurement noise covariance scaling for tightly-coupled and
loosely-coupled IMU/GNSS integration.

Interval
Number

Interval Limits (dB-Hz) 
 T C 
 LC

0 35 < „mC_N 0
1.00 1.00

1 30 < „mC_N 0
Í 35 1.56 1.20

2 25 < „mC_N 0
Í 30 3.33 1.70

3 0 < „mC_N 0
Í 25 8.89 2.30

of 44158 seconds of day the„mC_N 0
started to exceed 35 dB-Hz and the measurements

noise scaling coe�cient was subsequently decreased according to the rules in Table 3.4

based on the sigma-" model of Hartinger and Brunner (Hartinger & Brunner, 1999) for

the tightly-coupled integration case and empirically-derived for the loosely-coupled inte-

gration case. In both tightly and loosely-coupled conventional Kalman �lters the position

solution started to diverge at the 44175 seconds of day mark while, when the measurement

noise adjustment was enabled, this divergence was compensated in the tightly-coupled case

(Figure 3.11d) and faster solution convergence was reached in the loosely-coupled case3

(Figure 3.11e).

It is identi�ed that such an approach will not work perfectly in all GNSS signal prop-

agation situations. Figure 3.12 illustrates an example of a counterproductive map-based

measurement noise adjustment that resulted in a 12 m absolute horizontal error growth in

the tightly-coupled integration case.

The absolute 2D error distribution statistics of the architecture performance for the

entire testing route are provided in Figure 3.13. When the architecture was enabled, 13%

and 17% horizontal accuracy improvement was observed in tightly-coupled (Figure 3.13a)

and loosely-coupled (Figure 3.13b) integration scenarios respectively.

3While in the loosely-coupled case an absolute error jump was not entirely avoided, a faster solution con-
vergence was reached compared to the conventional loosely-coupled integration with a constant measurement
noise.
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Figure 3.12: Counterproductive measurement noise adjustment example in the tightly-
coupled integration case. Triangle markers: conventional approach; circle markers: mea-
surement noise adjustment enabled.
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3.6. Discussion and Future Work

In navigation scenarios with foreseen GNSS environment changes, the application of a

constant measurement noise model is not practical as such an approach does not allow a

system to reach a compromise between �lter performance in terms of position accuracy

and outlier mitigation. The advantage of the GNSS multipath environment map applica-

tion is the ability to adjust a sensor integration Kalman �lter stochastic model ahead of

upcoming signal environment conditions. However, current implementation of measure-

ment noise covariance scaling, speci�cally in tightly-coupled integration (Equation 3.13)

is not optimal as the same scaling coe�cient
 is applied to all measurements. The iden-

ti�ed possibility of a negative impact on the solution in terms of absolute error (Figure

3.12) is suspected to originate from factors such as insu�cient mapping �eet logs avail-

able for processing, and the shortcomings of the proposed measurement noise adjustment

strategy. While combining this approach with the SQM-based satellite selection shows an

adequate accuracy improvement, a more cautious map incorporation into the AKF model

is planned4.

The prototype scale of our work left out the investigation of the„mC_N 0
metric variation

throughout the day due to satellite geometry change. An extensive real-world connected

platform logging is needed to perform such an analysis. Note that the data collection for the

performance evaluation was started at 08:06:30 am local time, while the map was generated

with logs collected between 3 am and 6 am local time. The authors expect some level of

map degradation when it is used with the dataset collected outside its production interval

(2 hours delay in this case). The map degradation evaluation is planned for future work.

TheC_N 0 observations used to populate the GNSS multipath environment map are

hardware-dependent. The identical hardware installed on all mapping �eet platforms is

not guaranteed, therefore calibration procedures need to be applied before incorporating

4Refer to Section 5.2.1 for further discussion.
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theC_N 0 observations generated by diverse GNSS receiver and antenna combinations.

Further work is planned to include more environmental features a�ecting GNSS sig-

nals in the machine-learning map prediction, such as tra�c density and building materials.

3.7. Conclusions

The architecture incorporating platform self-contained SQM for multipath-detection and a

GNSS multipath environment map for on-the-�y Kalman �lter measurement noise covari-

ance scaling has been discussed. The propagation of the original map covering 10km2 to

areas not directly surveyed with the mapping �eet is achieved by training a random forest

model based on open-access geographic data with a map prediction accuracy of 89% being

reached. An approximately 13% horizontal accuracy improvement could be expected when

the architecture is applied in the tightly-coupled and 17% in loosely-coupled IMU/GNSS

integration on mass-market platforms.
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Chapter 4

Intelligent Navigation Based on

Reinforcement Learning

Earlier in this dissertation, we discussed methods extending �exibility of stochastic models

in several con�gurations of state estimation (Chapters 2 and 3). Thus far, parameters of

the algorithms responsible for relating the system interpretation of the GNSS environment

and the corresponding stochastic model adjustment were, in part, set empirically through

trial and error. This chapter explores an idea of dedicating the search of optimal algorithm

parameters to an RL model.

First, we introduce the state estimation �lter under investigation, which is a mixed

H 2_H Ø �lter, chosen to resist measurement outliers and to increase robustness of an inte-

grated solution. A choice of a mixed gain weight coe�cient de�ning the balance between

theH 2 andH Ø �ltering criteria, is made through actions of a continuous actor-critic RL

model. The chapter provides a look into the RL mechanism, considers an application of

the GNSS multipath environment map as one of the RL model states, proposes a novel

reward computation approach, and reports on the RL framework performance tested with

a tightly-coupled IMU/GPS integration engine.

This chapter was published as a peer-reviewed conference proceedings paper:

Smolyakov, I., & Langley, R. B. (2020). Intelligent Navigation in Urban Environ-
ments Based on an H-in�nity Filter and Reinforcement Learning Algorithms. In2020
IEEE/ION Position, Location and Navigation Symposium (PLANS), Portland, Oregon,
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April 2020 (pp. 328-333). https://doi.org/10.1109/PLANS46316.2020.9109948.

Minor modi�cations are applied to the original text for the notation and formatting to

be consistent with the rest of the dissertation. The in-depth discussion on the RL theoretical

foundations was left out of scope of the original paper due to its length limitations. Some

additional context on RL theory is included in Appendix C.1, and a comprehensive look

into the subject can be found in Sutton and Barto (2018); Grondman, Busoniu, Lopes, and

Babuska (2012); and in Open AI (2020).
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Abstract

In urban areas, robustness of a positioning solution su�ers from relatively unpredictable

reception of attenuated, NLOS and multipath-contaminated signals. To re�ect a GNSS

signal propagation environment, parameters of a state estimation �lter need to be adjusted

on-the-�y. A mixedH 2_H Ø �lter has been considered here to address the vulnerability of

a minimum error variance estimator to measurement outliers. An emphasis between theH 2

�lter and theH Ø �lter (minimizing the worst-case error) is continuously adjusted by a RL

model. Speci�cally, a continuous action actor-critic RL model with eligibility traces is im-

plemented. The Cramér-Rao lower bound is considered for the �lter performance evalua-

tion allowing for the RL reward computation. The algorithm has been tested on a real-world

dataset collected with mass-market hardware applying tightly-coupled IMU/GPS sensor in-

tegration. A positive RL model learning trend has been identi�ed in two segments of the

trajectory with the highest obstruction environment, suggesting the applicability potential

of the technique.

4.1. Introduction

A highly robust navigation system is one of the requirements for a full-scale deployment

of autonomous vehicles. The design of such a system is challenged by environmental fac-

tors negatively a�ecting performance of the sensors integrated in the processing engine.

Speci�cally, the performance of GNSS in a city setting is degraded due to attenuated,

non-line-of-sight and multipath-contaminated signals, the phenomena contributing to the

presence of unknown signal biases and noise parameter variations. If unaccounted for,

these factors potentially lead to navigation solution divergence and unavailability.

The standard Kalman �lter (also referred to as theH 2 �lter) is a minimum error

variance estimator. It fundamentally requires the system model and the noise statistics
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to be known. In comparison, theH Ø �lter does not require any assumptions on the noise

parameter distribution and is designed to minimize the worst-case estimation error (Shaked

& Theodor, 1992). Early work on robustH Ø �ltering is presented in Grimble and El Sayed

(1990) and Shaked and Theodor (1992).

In the �eld of navigation, a mixed (hybrid)H 2_H Ø �lter has received more attention.

In practice, engineers possess less knowledge on the noise properties than theH 2 �lter

assumes but more such knowledge than theH Ø �lter requires in its derivation, motivating

the development of a �lter reaching a compromise between the two alternatives (Simon &

El-Sherief, 1996).

Based on IMU/GPS integration simulations, Jwo and Chen (2003) showed the ro-

bustness of the mixedH 2_H Ø �lter to noise variations. An adaptive component of the

mixedH 2_H Ø �lter based on minimization of the estimated state error variance criterion

was proposed in Liu, Hu, Li, Bai, and Gao (2014) providing a recursive expression for

the mixedH 2_H Ø gain weight. Superior mixed �lter performance compared toH 2 and

H Ø �lters was demonstrated with simulations and a real-world test (Liu et al., 2014). The

adaptiveH Ø �lter was described in Jiang, Zhang, and Zhang (2016) by introducing scaling

factors dependent on innovation vectors.

From another perspective, the application of supervised machine learning techniques

has received substantial attention (Drawil, Amar, & Basir, 2013; Hsu, 2017; Phan, Tan,

& McLoughlin, 2013), however, supervised machine learning requires extensive training

and lacks �exibility when a navigation platform experiences conditions that were absent

during the training process.

Reinforcement learning is a paradigm di�erent from supervised and unsupervised

learning. Supervised learning learns how to act in a particular situation from a train-

ing dataset provided externally. Unsupervised learning aims to identify unknown patterns

within a dataset. Reinforcement learning solves sequential decision-making problems by

interacting with an environment through actions, getting corresponding rewards and �nally
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determining an optimal action policy (Sutton & Barto, 2018).

The potential of reinforcement learning in the �eld of navigation has not been widely

investigated. The contribution of Goodall (2009) includes an application of SARSA, a

temporal di�erence reinforcement learning method, for tuning a priori parameters of a

IMU/GPS Kalman �lter. Drift states and innovation properties were used among metrics

de�ning the Kalman �lter performance. The parameter tuning performance of the proposed

model was compared with the exhaustive search method and outperformed the latter in both

time to tune and the accuracy of tuning (Goodall, 2009; Goodall & El-Sheimy, 2007).

In this paper, the reinforcement learning is considered as an alternative to adaptive

�ltering with the main goal to increase robustness of a mass-market sensor integration

solution. To achieve this goal, a mixedH 2_H Ø �lter is implemented and on-the-�y ad-

justment of its mixed gain weight parameter de�ning the balance between theH 2 andH Ø

criteria is assigned to the reinforcement learning model. A selection of the model features

includes the number of satellites tracked, the GDOP level, the variance of the pseudorange

innovation vector, the estimated position RMS and the index retrieved from the GNSS

environment map.

The paper is structured as follows. The robust �ltering including a discussion on the

mixedH 2_H Ø �lter is provided in Section 4.2. The background on reinforcement learning

with its further link to the IMU/GNSS integration �lter, the reward function design, and

the processing algorithm is described in Section 4.3. The model performance analysis is

provided in Section 4.4, followed by a discussion of the results and limitations in Section

4.5.

4.2. Robust Filtering

The criterion of the worst-case estimation error minimization may be useful in urban nav-

igation scenarios, where the environment a�ects the GNSS signal propagation in an un-
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predictable way due to multipath leading to the variation in noise statistics and therefore

degrading theH 2 �lter performance.

Consider the following discrete system:

xk+1 = � kxk + wk (4.1)

yk = Hkxk + � k (4.2)

sk = L kxk (4.3)

where

x state vector

y measurement vector

s estimation target vector

L state linear combination matrix

� state transition matrix

H measurement matrix

w; � noise terms

The minimization of the worst possible disturbance e�ects could be achieved by the

cost-function minimization, de�ned as follows (Simon, 2006):

JØ =

N e*1É

k=0

ôôsk * ‚sk
ôô

2
Sk

ôôx0 * ‚x0
ôô

2
P*1

0
+

N e*1É

k=0

�
ôô! k

ôô
2
Q*1

k
+ ôôvk

ôô
2
R*1

k

�
(4.4)

where

S;P0;Q;R weighting matrices

‚sk estimate ofsk

‚x0 a priori estimate ofx0

N e number of trajectory epochs

In many applications a direct minimization ofJØ is not achievable, so instead, the perfor-
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mance bound is selected with the goal to �nd an estimate‚sk that satis�es the following

inequality (Simon, 2006):

JØ Í � 2 (4.5)

where� is the disturbance attenuation level factor selected by the analyst.

To satisfy Equation (4.5), the followingH Ø equations for the covariance matrix com-

putation are adopted in this work (according to Giremus, Grivel, and Castanie (2009) and

Liu et al. (2014)):

P*
H Ø ;k = � k*1 P+

H Ø ;k*1 � T
k*1 + Qk*1 (4.6)

P+
H Ø ;k = P*

H Ø ;k * P*
H Ø ;k

�
HT

k LT
k

�
M *1

k

b
f
f
d

Hk

L k

c
g
g
e

P*
H Ø ;k (4.7)

where

M k =
b
f
f
d

Rk 0

0 * � 2

c
g
g
e

+
b
f
f
d

Hk

L k

c
g
g
e

P*
H Ø ;k

�
HT

k LT
k

�
(4.8)

TheH Ø state vector estimate is computed with the standard Kalman �lter equations. Note

that the following condition must hold for the solution to exist:

�
P*

H Ø ;k

� *1
+ HT

k Hk * � *2 LT
k L k > 0 (4.9)

It could be argued that, from a practical perspective, theH Ø �lter is disadvantageous in its

assumption that nothing is known about the noise parameters, and that at least approximate

noise characteristics are always known (Simon & El-Sherief, 1996). To accommodate for

bothH 2 performance andH Ø robustness criteria, a mixedH 2_H Ø �lter is proposed by

combining the gains of the two �lters as follows:

Kmixed = � KH 2
+ .1 * � / KH Ø

(4.10)

where� Ë [0;1] and is a relative weight given toH 2 performance. This parameter is
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conventionally chosen empirically but in the further sections of this paper we consider an

on-the-�y adjustment of� by training a reinforcement learning model.

4.3. Reinforcement Learning Algorithm

4.3.1. Background

There are three main elements to consider to formalize a reinforcement learning (RL)

model. First, apolicy maps the current environment state to an action. Second, areward

signalis a quanti�cation of a goal the RL agent needs to achieve. The reward is sent to the

agent after taking an action and the agent's goal is to maximize the total reward throughout

an operation period. Third, avalue-functionprojects how much reward the agent could get

starting from a particular state (Sutton & Barto, 2018).

In our work, we consider policy gradient methods that learn the policy with a param-

eter vector� Ë R. Assuming the probability of action� at an iterationk given that the

environment state iss with a parameter� , the policy� is interpreted as:

� .� ðs;� / = P r
�
Ak = � ðSk = s;� k = �

�
(4.11)

The agent improves the policy by adjusting� :

� k+1 = � k + � ( J .� k/ (4.12)

where( J .� k/ is the gradient of a scalar performance measureJ de�ned as the average

rate of reward per time step and dependent on the policy parameter� , and� is the step

size.

The group of RL algorithms learning the approximation of the policy along with the

value-function‚v.s;w/ is called actor-critic algorithms (herew Ë R is the corresponding

weight vector). In general,‚v could be approximated by an arti�cial neural network withw

being the vector of connection weights of the network (Sutton & Barto, 2018).
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In our work, we are implementing a special case of the value-function approximation

as a linear function ofw:

‚v.s;w/ = wT f.s/ (4.13)

wheref.s/ is the feature vector. In this special case, the approximate value-function gradi-

ent with respect tow is determined as:

( ‚v.s;w/ = f.s/ (4.14)

To ensure continuous learning, a short-term memory vector called the eligibility trace

zk Ë R is introduced into the RL model. The eligibility trace is incremented by the value

gradient at each iteration and subsequently fades away by the trace-decay parameter�

(Sutton & Barto, 2018):

zw
k = � wzw

k*1 + ( ‚v.Sk;wk/ (4.15)

z�
k = � � z�

k*1 + ( ln � .� ðSk; � / (4.16)

where

( ln � .� ðSk; � / =
( � .� ðSk; � /
� .� ðSk; � /

(4.17)

is a policy parameterization and is called the eligibility vector.

One of RL particularities is to maintain a balance between taking actions according

to the learned policy (exploitation) and taking actions outside of the established policy in

an attempt to �nd a new policy allowing for more future reward (exploration). In the con-

tinuous action case to establish such a balance mathematically, the policy is de�ned as the

normally distributed density over the action� with the distribution parameters depending

on a current state (Sutton & Barto, 2018):

� .� ðs;� / =
1

ù
2�� .s;� /

exp
0

*
.� * � .s;� //2

2� .s;� /2

1
(4.18)
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Speci�cally in the linear function approximation case considered in this work:

� .s;� / = � T
� f � .s/ (4.19)

� .s;� / = a1 exp
�
a2�

T
� f � .s/

�
+ a3 (4.20)

with � =
�
� � ; � �

� T
anda1; a2; a3 being the function shaping coe�cients.

4.3.2. Reinforcement Learning in Mixed H2_HØ Filter

Subsection 4.3.1 so far contains the model description purely from the RL perspective.

Here, we establish links between the IMU/GNSS integration mixedH 2_H Ø �lter and the

RL framework.

At each iteration of the integration �lter, the RL model action is set to select the mixed

gain weight� (Equation 4.10). The RL model feature vectorf.s/ includes the following

components:

f.s/ =
�
f n:sat; f GDOP; f var; f RMS ; f ímC_N0

� T
(4.21)

where

f n:sat normalized number of tracked satellites

f GDOP normalized GDOP

f var normalized variance of the pseudorange innovation vector components

f RMS normalized estimated RMS of the position state

f ímC_N0
index retrieved from the GNSS multipath environment map

The above components are selected as the metrics available in the integration �lter re-

�ecting the GNSS signal propagation environment and the current state of the �lter. The

normalization is introduced to bring the states into a common scale ensuring that the policy

puts equal weight to each state (Mania, Guy, & Recht, 2018).

The GNSS environment map is populated withímC_N 0
indices assigned to spatio-
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temporal map grid elements of a city area. The generation of the map is divided into

two stages. First, the average levels ofC_N 0 observations„mC_N 0
are computed per each

spatio-temporal map grid element based on the extensive GNSS logs of connected plat-

forms operating in the area of interest. Second, the„mC_N 0
index prediction for grid elements

for which no GNSS logs were collected is performed by training a random forest model.

This is done with the existing coverage of the map taken as labels, and the data re�ecting

the urban environment (LiDAR elevation pro�les, building polygons, road polygons, road

types and foliage geometries) taken as features. The �nal metric of interestímC_N 0
is a nor-

malization of „mC_N 0
as a step towards independence from the connected platform hardware

in�uence on the measuredC_N 0 level (for more detail on the applied normalization proce-

dure refer to Appendix B.2). The complete GNSS environment map populated withímC_N 0

is presented in Figure 4.1. The color bar identi�es lowerímC_N 0
levels with a red color and

higher ímC_N 0
levels with a green color. The GNSS environment map may be used as a

source of a priori statistics on the inconsistent GNSS signal reception probability. More

detail on the map generation and the applicability of the concept is discussed in Chapters

2 and 3.

4.3.3. Reward Computation

One of the RL challenges is the reward function design. The reward sent to the agent has to

re�ect how good the �lter performance is after a particular action is taken. Over time and

after experience with a variety of navigation scenarios, the agent is expected to learn the

mixed gain� selection policy yielding the best �lter performance according to a speci�c

criterion.

Let us consider the Cramér-Rao lower bound (CRLB) as the analysis tool for the dis-

crete �ltering problem de�ning the theoretically best achievable mean-square error (Tichavsky,

Muravchik, & Nehorai, 1998). In our work, we use the expression for the CRLBPCRLB
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Figure 4.2: Position RMS comparison: KF estimations (RMS KF
pos ) versus CRLB

(RMS CRLB
pos ).

derived in Tichavsky et al. (1998) as:

PCRLB
k = F*1

k (4.22)

whereF is the Fisher information matrix computed as follows:

Fk+1 = Q*1 * Q*1 �
�
Fk + � TQ*1 �

� *1
� TQ*1 + E

�
HT

k+1R*1
k+1Hk+1

�
(4.23)

where

Q process noise matrix

R measurement noise matrix

Figure 4.2 illustrates the comparison between the estimated position RMS of the

Kalman �lter
�

RMS KF
pos

�
and the corresponding computed CRLB

�
RMS CRLB

pos

�
for a

3-minute part of a 90-minute kinematic test trajectory collected for this work (more detail

on data collection is provided in Section 4.4.1).

The di�erence betweenRMS KF
pos andRMS CRLB

pos would then indicate the IMU/GNSS

�lter performance:

� RMS pos = RMS KF
pos * RMS CRLB

pos (4.24)

and could be used by the RL as a reward function component.

97



Figure 4.3: Reward function surface.

Our proposed reward function is expressed as follows:

r
�
� RMS pos;

ímC_N 0

�
=

1
ímC_N 0

exp
�
b1� RMS pos* b2

�
(4.25)

whereb1; b2 are the function shaping coe�cients. TheímC_N 0
index retrieved from the

GNSS environment map in Equation (4.25) introduces a scaling of the �lter performance

metric inversely proportional to the predicted quality of GNSS signals nearest the location

of the positioning platform.

The surface visualizing the above reward function is presented in Figure 4.3. The

agent receives a higher reward when the platform is in a more challenging GNSS environ-

ment and the estimated position RMS is closer to its lowest theoretically achievable level

according to the CRLB.
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4.3.4. RL Algorithm Speci�cation

The pseudo-code form of the RL algorithm is as follows:

Algorithm 1 Reinforcement learning algorithm: actor-critic with eligibility traces, contin-
uing case

1: Set algorithm parameters:� w > 0, � � > 0, � „R > 0, � w Ë [0;1], � � Ë [0;1]
2: Initialize variables: „R } 0, w } 0, � } 0, zw } 0, z� } 0
3: While new observations exist:
4: � í � .�ðS; � / . take action by adjusting�
5: Run mixedH 2_H Ø Kalman �lter iteration
6: ObserveR, S¨

7: � } R * „R + ‚v.S¨;w/ * ‚v.S;w/
8: „R } „R + � „R�
9: zw } � wzw + ( ‚v.S;w/

10: z� } � � z� + ( ln � .� ðS; � /
11: w } w + � w� zw

12: � } � + � � � z�

13: S } S¨

After the initialization steps, the algorithm is set to function continuously as long

as new observations are available. The mixed gain weight� is selected according to the

current policy and based on the new state of the RL model (step 4). The interaction with the

environment is then invoked by running an iteration of the sensor integration Kalman �lter

(step 5). Step 7 includes the error term� computation followed by the average reward rate

„R computation (step 8). Next, the eligibility traces are updated (steps 9 and 10) followed

by updating the policy and value-function parameters (steps 11 and 12).

For details on integration of the RL framework (including Algorithm 1) into the

IMU/GNSS engine refer to Appendix C.2.

99



Table 4.1: Algorithm testing: dataset and processing speci�cations.

Parameter Description

Duration 90 min

Start time (EST) 03:54:46, December 4, 2019

Location Montreal

Equipment
Rokubun Argonaut (GNSS receiver: ublox
NEO-M8T IMU: InvenSense MPU-9250),

dashboard placement

Data rates GPS: 1Hz, IMU: 50 Hz

IMU/GPS integration tightly-coupled, GPS-only

Ionosphere correction GIM (ESA, rapid)

Troposphere model RTCA MOPS

Precise orbits and clock
products

GFZ, id: gbm

4.4. Reinforcement Learning Algorithm Evaluation

4.4.1. Dataset Description

To test the RL algorithm described in Section 4.3.4 a 90-minute long dataset was collected

by driving through various urban environments in the city of Montréal, Québec, Canada

(refer to Appendix C.3 for an overview of the test track). Table 4.1 contains details on the

dataset and on the positioning solution applied.

4.4.2. Learning Performance

The algorithm evaluation is done in post-processing with the following approach. First, one

run of the algorithm is performed over the complete dataset and the �nal learned policy

� and value-functionw parameters are stored. Next, a second run, initialized with the

stored� andw, on the same dataset is performed. The further objective is to compare

the obtained average reward between the �rst and the second runs. The expectation is that
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when encountering similar or identical scenarios, the RL model would get more reward on

the second run as its parameters� andw were already optimized to take actions satisfying

the �lter performance criterion.

The analysis was carried out for eight 11.5-minute (one-eighth of total duration) seg-

ments of the dataset. The di�erence of average reward per segment between the second and

�rst runs (� R21) is presented in Figure 4.4a. Figures 4.4b and 4.4c show the correspond-

ing averaged GDOPs and number of tracked satellites for each segment and corresponding

standard deviations.

Figure 4.4a shows a more notable increase of the average reward for segments 5 and

6 compared to the rest where the reward change remains closer to zero, suggesting that for

these segments the RL model identi�ed a better policy to balance between theH 2 and the

H Ø �lter gains. Segments 5 and 6 are also the ones among the segments with the highest

average GDOP and the lowest average number of tacked satellites and could be counted

as the areas with the highest risk of non-line-of-sight and multipath-contaminated signal

reception - exactly the areas targeted by the robust �lter implementation.

4.5. Discussion

Based on our experiments with the reinforcement learning applied to real-world data, it

becomes apparent that datasets signi�cantly longer than 90 minutes are required to make

de�nitive conclusions on the algorithm performance. This is especially important when

actions (the selection of mixed �lter gain� in our case) are not expected to signi�cantly

a�ect the Kalman �lter performance at all iterations, making it more di�cult for the model

to learn good behavior as there are simply too few eligible situations in a dataset for the

model to learn from.

The described reinforcement learning algorithm was also tested with the GPS+Galileo

IMU/GNSS tightly-coupled con�guration of the processing engine. While the inclusion of
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Figure 4.4: (a) The average reward change from the �rst to the second algorithm run;
(b) average GDOP with standard deviations, (c) average number of tracked satellites with
standard deviations.
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an additional constellation made the solution more stable, the e�ect of the� -adjustment on

the estimated position RMS became less noticeable, decreasing the potential for learning.

This result leads us to a conclusion that more research is required to identify the

reward function enabling e�cient policy approximation. The availability of a reference

solution would facilitate the reinforcement learning algorithm parameter tuning, such as

step sizes and trace-decay coe�cients.

One of the potential future work objectives is to substitute the linear function approx-

imation of the actor-critic method with a non-linear function approximation by a neural

network.

4.6. Conclusion

The reinforcement learning actor-critic framework automatically adjusting the mixed gain

weight of theH 2_H Ø �lter is proposed in this contribution as a step towards an intelligent

robust �ltering algorithm. The reward function encouraging the agreement of the estimated

Kalman �lter state RMS with the CRLB (the lowest theoretical error) has been presented.

Additionally, the reward function incorporates the GNSS environment map introducing

additional a priori knowledge on the GNSS signal propagation in the area of operation into

the reinforcement learning model. A positive learning trend of the model in urban areas

with high obstructions has been identi�ed.
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Chapter 5

Conclusions

The chapter �rst overviews the contributions of this dissertation including the novel meth-

ods implemented, alongside with the results attained and challenges identi�ed (Section

5.1). Section 5.2 includes the recommendations for further research, method moderniza-

tion, and new experiments to be carried out.

5.1. Summary

One of the challenges imposed by urban environments on a mass-market multi-sensor navi-

gation system is the degradation of its GNSS component due to the e�ects of signal obstruc-

tion, attenuation, and re�ection. Reception of NLOS and multipath-contaminated GNSS

signals results in range measurement errors, which may cause divergence of a GNSS-based

integrated solution. It is, therefore, crucial that we �rst, attempt to mitigate the e�ect of

multipath on range measurements; second, exclude NLOS and multipath-contaminated

signals from processing if no constructive use of such signals is planned (e.g., the NLOS

signals can be used constructively in shadow-matching (Irish, Iland, & Madhow, 2015));

and third, adjust the state estimation �lter stochastic model on-the-�y to accommodate the

immediate GNSS signal propagation e�ects.

This dissertation develops a series of novel methods suitable for implementation on

the navigation processor level, facilitating adaptation of a multi-sensor state estimation �l-

ter to the surrounding GNSS environment. The developed methods are not limited to a
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particular use-case, and could be applied in GNSS-based integrated navigation systems of

various performance grades and complexity: from single-frequency pseudorange process-

ing to multi-frequency carrier-phase-reliant engines.

5.1.1. Continuous GNSS Environment Mapping

The concept of continuous GNSS environment mapping is motivated by the idea that the

KF measurement noise could be adjusted by relying on crowd-sourced GNSS measure-

ment statistical representation over a city area, instead of relying solely on measurements

available on an individual platform.

In this dissertation, the average level ofC_N 0 measurements is considered as the

statistic of interest. TheC_N 0 statistics are represented in the form of a map with spatial

and temporal dimensions. In space, the GNSS multipath environment map is divided into

hexagonal-shaped grid elements. The size of the spatial grid element is required to be small

enough to e�ectively re�ect the change inC_N 0 statistics of an urban area, while being

large enough to collect su�cient volumes of GNSS logs and to accommodate mapping

platform positioning errors. In this work, the inscribed circle radius of each grid element

is set empirically to 25 m. In the time dimension, the GNSS multipath environment map is

divided into slots, accounting for the satellite constellation geometry change in the course

of a day. The temporal slot length is dependent on the GNSS log density in time.

Creation of the map is feasible if large volumes of connected platform GNSS logs

are available for processing. Additionally, the GNSS multipath environment is a�ected

by changes in building heights and location due to construction, shifting patterns in tra�c

congestion, and seasonal vegetation density variation. In this dissertation, we demonstrate

a cloud-based framework responsible for continuous data collection, processing, and dis-

tribution. The framework supports real-time large-scale data manipulation and ensures

proper handling of abrupt, delayed, and out-of-order data streams.

The map application as a source of a priori knowledge on the expected GNSS multi-
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path environment is initially tested in the GNSS-only mode. One of the conventional ways

to weight the GNSS measurements is through an exponential weighting function, where

the satellite elevation angle is the argument, and observations from higher elevation an-

gles are assigned with more weight (i.e., with lower measurement noise). The steeper the

exponential weighting function is, the more the satellite geometry is sacri�ced, negatively

a�ecting positioning in moderately obstructed environments. On the other hand, with the

steeper weighting function applied in highly obstructed environments, re�ected signals ar-

riving from lower elevation angles are likely to receive less weight than those of LOS,

strengthening the positioning solution.

In this dissertation we propose an elevation angle weighting function that additionally

relies on the GNSS multipath environment map to automatically adjust its steepness. With

the weighting function shaped appropriately to the surrounding environment, the GNSS

EKF shows a 25% and 35% positioning accuracy improvement in moderately and highly

obstructed urban areas correspondingly (only the pseudorange measurements were used

in the processing for this initial concept validation). Several instances of faster solution

re-convergence have been observed on the analysed test trajectory when the map-aided

weighting function was applied. These results �rst, highlight the importance of appropri-

ate measurement weighting and second, demonstrate the potential of using crowd-sourced

GNSS data in the navigation processor.

5.1.2. Multipath Prediction and Detection for Navigation in

Challenging Urban Areas

As the next step, this dissertation demonstrates a solution for extending the GNSS multi-

path environment map coverage and focuses on incorporation of the map into integrated

navigation engines.

At the initial development stage, the GNSS multipath environment map was available

only for urban areas directly surveyed by connected platforms, which led to gaps in the map
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coverage. This dissertation shows that it is possible to train the RF machine learning model

to predict the GNSS multipath environment map values, �lling in the coverage gaps and,

therefore, extending the applicability of the map.

A C_N 0 measurement at a particular point of interest is a�ected by the surroundings

such as buildings, vegetation, roads, vehicles, etc. In this work, open access GIS layers have

been used as a source of information on the urban object properties and location relative to

the point of interest. The GIS layers under consideration include the 2D building polygons,

road polygons, road types, vegetation geometries, and the LiDAR DEM. The real-world

GNSS multipath environment map covering approximately10km2 combined with the GIS

data layers listed above, comprise the RF model training dataset. The RF model training

includes spatial sampling of distant and nearby feature layer points relative to the label

point of interest. The goal of the training process is to establish a functional relationship

between the sample values drawn from the feature layers and the corresponding labels. In

this dissertation, the RF classi�cation model is comprised from 500 trees (the parameter

value is determined empirically). When set to predict the GNSS multipath environment

map values for the feature layer segment not included in the training, the model performed

at the 89% accuracy level (when the prediction is less than 1 dB-Hz di�erent from the

original GNSS multipath environment map, it is accepted as correct).

C_N 0 measurements depend on the GNSS receiver signal acquisition and demodu-

lation implementations, which may vary with diverse hardware installed on mapping plat-

forms. The potential problem of biasedC_N 0 statistics populating the GNSS multipath

environment map has been addressed in this dissertation by introducing the min-max nor-

malization ofC_N 0 measurements populating the map.

The KF gain is the parameter representing how much of the discrepancy between

the measurements and the measurement predictions is applied to update the KF state. It

depends on the error covariance propagated through time, on the measurement model,

and on the measurement noise at the immediate KF iteration. In this dissertation, the
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measurement noise of the IMU/GNSS integration KF is proposed to be scaled as a function

of values retrieved from the GNSS multipath environment map according to the sigma-

" model of Hartinger and Brunner (Hartinger & Brunner, 1999). When the estimation

of heading is available, it becomes possible to perform a directional query of the map,

allowing it to adjust the measurement noise several KF update iterations ahead of the GNSS

environment expected to emerge.

In this work, the map-aided measurement noise adjustment has been applied in the

loosely- and tightly-coupled IMU/GNSS integration architectures. Compared to the con-

ventional approach of keeping the measurement noise unchanged, the proposed method

brings a 13% and 17% absolute accuracy improvement in the tightly- and loosely-coupled

integration modes respectively.

Note that in the tightly-coupled case we scale only pseudorange and carrier-phase

measurement noise, while keeping the Doppler shift measurement noise constant. One of

the factors de�ning Doppler shift multipath error is the receiver motion with respect to

the surrounding re�ective surfaces (Petovello, Mezentsev, Lachapelle, & Cannon, 2003;

Groves, 2013), suggesting that Doppler shift measurement noise scaling should also be

velocity-dependent. The investigation of such a functional relationship is left out of scope

of this work.

While performance improvement has been observed with the map-reliant stochastic

model adjustment, this method does not guarantee the complete absence of inconsistent

GNSS signals in areas with high averageC_N 0 levels. Therefore, it is recommended for

the navigation processor to additionally perform self-contained SQM to detect such signals.

5.1.3. Intelligent Navigation Based on Reinforcement Learning

In a scenario when the stochastic model of a standard KF (the minimum variance error es-

timator) does not correspond with the true measurement and process noise properties, the

divergence of the �lter is expected to occur. One of the solutions to this problem proposed
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in earlier work, is to design a robust �lter making no assumptions on noise properties and

minimizing the worst case estimation error: theH Ø �lter (Shaked & Theodor, 1992). As

a compromise between theH 2 and theH Ø �ltering criteria, the mixedH 2_H Ø �lter is

adopted in the �eld of navigation, where the �lter gain is computed as a weighted sum of

theH 2 and theH Ø gains through the mixed gain weight coe�cient (Simon & El-Sherief,

1996). In pursuit of automatic mixed gain weight adjustment, this dissertation demon-

strates a novel design incorporating the RL framework into the tightly-coupled IMU/GPS

mixedH 2_H Ø �lter.

The fundamental principle of the RL is in continuously improving the action policy

to achieve the maximum cumulative reward through interactions with the environment,

meaning that the policy of the mixed gain weight selection is continuously improved with

each state estimation iteration (Sutton & Barto, 2018). The clear advantage of such an

approach over a navigation processor where parameters and functional relationships are

�xed, is its capability for gradual self-adaptation to changes in the environment.

The RL model operates without any external reference data, and the reward function

is responsible for evaluating the e�ect that a particular action brought to the system. In

this dissertation, the reward has been proposed to be computed as a function of two ar-

guments. The �rst argument is the di�erence between the position RMS estimated in the

�lter and the CRLB of the position RMS. We interpret the higher agreement between the

state uncertainty estimated in the �lter and the lowest theoretically possible uncertainty as

a more optimal state estimation performance (i.e., receiving higher reward). The second

argument is the value extracted from the GNSS multipath environment map. This argu-

ment is experimental in nature and aims to introduce additional information into the reward

computation. Between two �lter iterations yielding an identical performance in terms of

the estimated RMS agreement with the CRLB, the system would receive more reward at

the iteration with a lower value retrieved from the GNSS multipath environment map (i.e.,

at iterations for which the probability of the inconsistent signal reception is higher).
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The real-world tests carried out for this dissertation, show that the mixed gain weight

coe�cient adjustment has a more noticeable e�ect on estimations of states and state un-

certainties in scenarios with GDOP higher than eight and/or when the number of tracked

satellites is four or fewer. It means that extensive data collection in such challenging con-

ditions is imperative for the e�ective RL policy search. The 90-minute dataset collected

for this research includes the desired scenarios, and it has been su�cient to identify posi-

tive learning trends in terms of the increase in average reward. However we conclude that

higher volumes of data are required for the RL model to reach higher con�dence in the

identi�ed policy.

5.2. Recommendations for Future Work

This section provides a discussion on potential upgrades of methods developed in this dis-

sertation, focused on the GNSS environment mapping concept and application of rein-

forcement learning in integrated navigation systems.

5.2.1. GNSS Environment Mapping

Here we overview yet unexplored ideas covering the extensions in mapped statistics of

GNSS measurements and the further application research and development.

A. Enhancement of the Mapped Statistics

The metric used in this dissertation to populate the GNSS multipath environment map is

the average of allC_N 0 measurements collected from a particular spatial grid element and

a time slot. One drawback of such an approach is that the e�ect of constructive multipath,

in fact, results in increasedC_N 0 levels, which contradicts with our proposed method of

decreasing measurement noise with higher values retrieved from the map (the action that,

in turn, increases the AKF con�dence in measurements).
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Prior contributions propose to monitor the sliding window variance of theC_N 0 mea-

surements to detect multipath-contaminated signals as the self-contained SQM (Pirsiavash,

Broumandan, Lachapelle, & O'Keefe, 2018). Additionally, the phase of a re�ected signal

relative to the LOS signal depends on its frequency. Therefore, whether a signal is af-

fected by constructive or destructive multipath is also frequency-dependent, which allows

for multipath detection with multi-frequencyC_N 0 combination analysis (Groves, Jiang,

Rudi, & Strode, 2013; Strode & Groves, 2016).

As a part of background work conducted for this dissertation, theC_N 0 variance

spatial distribution in Montreal has been additionally analysed. For some environments,

notably for narrow streets and tunnels, there is a distinct correlation between low average

C_N 0 level and highC_N 0 variance. However, we have also identi�ed areas where both

averageC_N 0 level andC_N 0 variance are relatively high, suggesting the presence of

multipath. Incorporation of theC_N 0-variance-populated GNSS multipath environment

maps into the stochastic model adjustment block could, therefore, be bene�cial. Addition-

ally, multi-frequencyC_N 0 measurement combinations could be considered for mapping,

at the point when mass-market positioning platforms supporting multi-frequency GNSS

become more numerous.

B. Further Applications

With the growth of a mapping �eet to thousands of platforms, we project �rst, that the

map would gain better statistical representation in the temporal dimension; and second,

that it would become possible to collect and apply the GNSS measurement statistics on a

per-satellite basis.

In especially challenging positioning scenarios (e.g., the moment a platform exits

from a tunnel or from a building) the per-satellite GNSS environment map could be one of

the information sources for computing weights for each satellite individually, which could

result in faster convergence of the integrated solution.
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5.2.2. Intelligent Navigation Based on Reinforcement Learning

Ideas concerning more advanced function approximation methods, the development pro-

cess, and possible application of the RL in integrated navigation systems are provided

below.

A. Application of Arti�cial Neural Networks

The RL algorithm described in Chapter 4 is based on linear approximation of the policy and

value-functions. This approach allowed us to decrease the algorithm complexity facilitat-

ing the initial RL development, tuning, and testing. However, the functional relationships

among the system states and the policy/value-functions are expected to be non-linear, mo-

tivating the implementation of more complex function approximation methods.

Arti�cial neural networks (ANNs) are used for non-linear function approximation,

including in reinforcement learning problems (Sutton & Barto, 2018). A generic ANN is

composed from the input, output, and hidden layers; and the layer units are interconnected

through weight links. The output of each unit is a weighted sum of its inputs applied to

a non-linear activation function. Cybenko (1989) shows that a continuous function could

be approximated to a required accuracy level with an ANN with only one hidden layer

composed from a �nite number of units with a sigmoid activation function. In practice,

however, more than one hidden layer is required to approximate a complex non-linear func-

tion (Sutton & Barto, 2018).

A limitation of the linear approximation implemented in this work is that the features

are introduced independently from each other and, therefore, interactions among the fea-

tures are not taken into account. One way to address this issue is by manually introducing

additional combined features into the system, e.g., through polynomials or Fourier series

(Sutton & Barto, 2018). However, during the training process of an ANN, the features

appropriate to the problem are created automatically, allowing it to gain an advantage over

the manual feature construction.
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We believe that substitution of linear function approximation methods with the ANN

would allow for identi�cation of a better action policy, given that su�cient training data is

available.

B. Simulation

The e�ciency of an RL framework depends on the number of available learning instances.

We have identi�ed that real-world datasets are prone to have sparse learning instances

which slows down the policy training. To increase the frequency of encountered learning

instances we suggest to introduce a preliminary training stage of the RL framework in

a simulated environment with frequent scenarios of interest. We project that this would

allow for a raw policy approximation with more control over the RL model behavior, while

decreasing the development time. The RL model would then be re�ned with real-world

data, gradually reaching its full performance potential.

C. Further Applications

Evidently, the automatic adjustment of the mixed gain weight coe�cient demonstrated in

Chapter 4 is only one of many possible applications of the RL in GNSS-based integrated

navigation systems. At the navigation processor level, for example, the RL framework

could be assigned with controlling the satellite elevation cuto� angle, theC_N 0 measure-

ment threshold, and the measurement/process noise parameters. More generally, the se-

lection of the most e�ective sensor set that is used in state estimation while operating in

changing environments could be assigned to the RL framework.

We believe that with more research conducted in this �eld, RL would become a stan-

dard practice for the intelligent parameter adjustment in integrated navigation systems.
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Appendix A

Background on State Estimation and

Inertial Navigation Systems

This appendix includes Kalman (H 2) andH Ø �lter equations used for state estimation in

this work. The inertial navigation equations in the ECEF frame are provided. Addition-

ally, state vectors, innovation vectors, design matrices, and transition matrices applied in

loosely- and tightly-coupled IMU/GNSS integration architectures are provided.

A.1. Kalman Filter (H 2) Equations

TheH 2 �lter equations provided here are according to Groves (2013c).

A. System propagation phase

1. Calculate transition matrix� k*1

2. Calculate process (system) noise covariance matrixQk*1

3. Propagate state vector estimate through time:

‚x*
k = � k*1 ‚x+

k*1 (A.1)

4. Propagate error covariance through time:

P*
H 2;k = � k*1 P+

H 2;k*1 � T
k*1 + Qk*1 (A.2)
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B. Update and correction phase

1. Calculate measurement matrixHk

2. Calculate measurement noise covariance matrixRk

3. Calculate Kalman gain matrixK k:

KH 2;k = P*
H 2;kH

T
k

�
HkP*

H 2;kH
T
k + Rk

� *1
(A.3)

4. Formulate innovation vectoryk

5. Update state vector:

‚x+
k = ‚x*

k + KH 2;k

�
yk * Hk ‚x*

k

�
(A.4)

6. Update error covariance matrix:

P+
H 2;k =

�
I * KH 2;kHk

�
P*

H 2;k (A.5)

A.2. HØ Filter Equations

The equations provided here are the discrete-time Ricatti solution for theH Ø �lter and are

according to Kulatunga and Kadirkamanathan (2006) and Nagpal and Khargonekar (1991).

For more details on the theH Ø �lter, refer to Simon (2006).

Note that in theH Ø case,R andQ represent the a priori knowledge on magnitudes of

measurement and process noise disturbances correspondingly, and are based on the system

performance requirements. This is di�erent from theH 2 case, whereR andQ are the

measurement and process noise covariance matrices.

A. System propagation phase

1. Calculate transition matrix� k*1

2. Calculate process weighting matrixQk*1

118



3. Propagate state vector estimate through time:

‚x*
k = � k*1 ‚x+

k*1 (A.6)

4. Propagate the upper bound of the error covarianceP+
k through time:

P*
H Ø ;k = � k*1 P+

H Ø ;k*1 � T
k*1 + Qk*1 (A.7)

B. Update and correction phase

1. Calculate measurement matrixHk

2. Calculate measurement weighting matrixRk

3. CalculateH Ø gain matrixKH Ø ;k.

KH Ø ;k = P*
H Ø ;kH

T
k

�
HkP*

H Ø ;kH
T
k + Rk

� *1
(A.8)

4. Formulate innovation vectoryk

5. Update state vector:

‚x+
k = ‚x*

k + KH Ø ;k

�
yk * Hk ‚x*

k

�
(A.9)

6. Update the upper bound of the error covariance:

P+
H Ø ;k = P*

H Ø ;k * P*
H Ø ;k

�
HT

k LT
�

M *1
k

b
f
f
d

Hk

L

c
g
g
e

P*
H Ø ;k (A.10)

where

M k =
b
f
f
d

Rk 0

0 * � 2

c
g
g
e

+
b
f
f
d

Hk

L

c
g
g
e

P*
H Ø ;k

�
HT

k LT
�

(A.11)

� disturbance attenuation level

L state linear combination matrix

The following condition must be met:

�
P*

H Ø ;k

� *1
+ HT

kHk * � *2 LTL > 0 (A.12)
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A.3. Navigation Equations in ECEF

The equations provided here are according to Groves (2013a). The attitude update is carried

out through computing the body-to-Earth-frame coordinate transformation matrixCe+
b as:

Ce+
b = Ce*

b

�
I3 + 
 b

ib� t
�

* 
 b
ibCe*

b � t (A.13)

where

Ce*
b body-to-Earth-frame coordinate transformation matrix at the previous

mechanization iteration


 b
ib skew-symmetric matrix of the angular-rate measurement vector


 e
ie skew-symmetric matrix of the Earth rotation vector

� t time interval between IMU readings

The measured speci�c forcefb
ib is transformed to the ECEF frame

�
fe
ib

�
as:

fe
ib =

1
2

�
Ce*

b + Ce+
b

�
fb
ib (A.14)

The velocity updateve+
eb is computed as:

ve+
eb = ve*

eb +
�
fe
ib + ge

b

�
re*

eb

�
* 2 
 e

ieve*
eb

�
� t (A.15)

where

ve*
eb velocity at the previous mechanization iteration

ge
b Earth gravity vector

The position updatere+
eb is computed as:

re+
eb = re*

eb +
1
2

�
ve*

eb + ve+
eb

�
� t (A.16)

where

re*
eb position at the previous mechanization iteration
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A.4. Integration Architectures

The equations provided here are according to Groves (2013b).

A.4.1. Loosely-coupled Integration

The loosely-coupled IMU/GNSS integration state vector includes 15 elements (Equation

3.10 is repeated here for convenience):

xLC =
�
�  � v � r b a bg

� T

where

�  attitude vector

� v receiver velocity correction vector

� r receiver position correction vector

ba accelerometer bias

bg gyroscope bias

The innovation vector is computed as a di�erence between position and velocity deter-

mined with GNSS (rGNSS , vGNSS ) and IMU mechanization (r IMU , vIMU ):

yLC =
b
f
f
d

rGNSS * r IMU

vGNSS * vIMU

c
g
g
e

(A.17)

Assuming the linear model, the design matrixHLC is constructed as:

HLC =
b
f
f
d

03 03 * I3 03 03

03 * I3 03 03 03

c
g
g
e

(A.18)
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The transition matrix� e
LC is constructed as:

� e
LC =

b
f
f
f
f
f
f
f
f
f
d

I3 * 
 e
ie� t 03 03 03

‚C
e

b� t

Fe
21� t I3 * 2 
 e

ie� t Fe
23� t ‚C

e

b� t 03

03 I3� t I3 03 03

03 03 03 I3 03

03 03 03 03 I3

c
g
g
g
g
g
g
g
g
g
e

(A.19)

where additionally

Fe
21 = *

�
Ce*

b fb
ib

�
•

(A.20)

Fe
23 = 2

ge
b

RE
surface

�
L *

b

�

�
re*

eb

� T

óór
e*
eb

óó
(A.21)

with

RE
surface geocentric radius at the Earth's surface

L *
b geodetic latitude determined at the previous iteration

In this standard loosely-couple implementation, measurement and process noise matrices

RLC andQLC are assumed to be constant.

A.4.2. Tightly-coupled Integration

The tightly-coupled IMU/GNSS integration state vector includes 15 base elements, and

additional receiver clock bias, receiver clock drift and ambiguity terms per each satellite

constellation:

xGP S
T C =

�
�  � v � r ba bg BGP S

†BGP S NGP S

� T
(A.22)

xGP S+GAL
T C =

�
�  � v � r ba bg BGP S BGAL

†BGP S
†BGAL NGP S NGAL

� T
(A.23)

where

xGP S
T C tightly-coupled integration state vector, GPS-only processing

xGP S+GAL
T C tightly-coupled integration state vector, GPS+Galileo processing
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BGP S receiver GPS clock o�set

BGAL receiver Galileo clock o�set

†BGP S receiver GPS clock drift

†BGAL receiver Galileo clock drift

NGP S GPS carrier-phase range integer ambiguity vector

NGAL Galileo carrier-phase range integer ambiguity vector

The innovation vector components are calculated as di�erences between the mea-

sured pseudorange, Doppler shift, and carrier-phase by GNSS and their corresponding

predictions generated from the inertial navigation solution:

yP =
�
� ¨1

P * ‚� 1; � ¨2
P * ‚� 2; 5 � ¨N

P * ‚� N
� ñ

(A.24)

y †P =
�

†�̈1†P
* ‚†�1; †�̈2†P

* ‚†�2; 5 †�̈N†P
* ‚†�N

� ñ

(A.25)

y� =
�
� ¨1

� * ‚� 1; � ¨2
� * ‚� 2; 5 � ¨N

� * ‚� N
� ñ

(A.26)

where

yP pseudorange innovation vector

y †P Doppler shift innovation vector

y� carrier-phase innovation vector

� ¨
P GNSS measured pseudorange corrected for the ionospheric delay, tropospheric

delay and satellite clock bias

†�̈†P
GNSS measured Doppler shift

� ¨
� GNSS measured carrier-phase corrected for the ionospheric delay, tropospheric

delay and satellite clock bias

‚� INS predicted range measurement corrected for the estimated receiver clock bias

‚†� INS predicted Doppler shift corrected for the estimated receiver clock drift

N satellite index
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The innovation vector is constructed as follows:

yT C =

b
f
f
f
f
f
d

yP

y †P

y�

c
g
g
g
g
g
e

(A.27)

The design matrix for the GPS-only case is provided in Equation A.27.

HGP S
T C =

b
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
d

01;3 01;3 u1ñ 01;3 01;3 1 0 0 0 5 0

01;3 01;3 u2ñ 01;3 01;3 1 0 0 0 5 0

4 4 4 4 4 4 4 4 4 7 4

01;3 01;3 uN GP Sñ 01;3 01;3 1 0 0 0 5 0

01;3 u1ñ 01;3 01;3 01;3 0 1 0 0 5 0

01;3 u2ñ 01;3 01;3 01;3 0 1 0 0 5 0

4 4 4 4 4 4 4 4 4 7 4

01;3 uN GP Sñ 01;3 01;3 01;3 0 1 0 0 5 0

01;3 01;3 u1ñ 01;3 01;3 1 0 1 0 5 0

01;3 01;3 u2ñ 01;3 01;3 1 0 0 1 5 4

4 4 4 4 4 4 4 4 4 7 4

01;3 01;3 uN GP Sñ 01;3 01;3 1 0 0 0 5 1

c
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
e

(A.28)

where

u direction cosines vector

In the GPS+Galileo scenario design matrix, the additional receiver clock bias and drift
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partial derivatives are introduced:

HGP S+GAL
T C =

b
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
d

01;3 01;3 u1ñ 01;3 01;3 1 0 0 0 0 0 5 0 0 0 5 0

01;3 01;3 u2ñ 01;3 01;3 1 0 0 0 0 0 5 0 0 0 5 0

4 4 4 4 4 4 4 4 4 4 4 7 4 4 4 7 4

01;3 01;3 uN GP Sñ 01;3 01;3 1 0 0 0 0 0 5 0 0 0 5 0

01;3 01;3 u1ñ 01;3 01;3 0 0 1 0 0 0 5 0 0 0 5 0

01;3 01;3 u2ñ 01;3 01;3 0 0 1 0 0 0 5 0 0 0 5 0

4 4 4 4 4 4 4 4 4 4 4 7 4 4 4 7 4

01;3 01;3 uN GAL ñ 01;3 01;3 0 0 1 0 0 0 5 0 0 0 5 0

01;3 u1ñ 01;3 01;3 01;3 0 1 0 0 0 0 5 0 0 0 5 0

01;3 u2ñ 01;3 01;3 01;3 0 1 0 0 0 0 5 0 0 0 5 0

4 4 4 4 4 4 4 4 4 4 4 7 4 4 4 7 4

01;3 uN GP Sñ 01;3 01;3 01;3 0 1 0 0 0 0 5 0 0 0 5 0

01;3 u1ñ 01;3 01;3 01;3 0 0 0 1 0 0 5 0 0 0 5 0

01;3 u2ñ 01;3 01;3 01;3 0 0 0 1 0 0 5 0 0 0 5 0

4 4 4 4 4 4 4 4 4 4 4 7 4 4 4 7 4

01;3 uN GAL ñ 01;3 01;3 01;3 0 0 0 1 0 0 5 0 0 0 5 0

01;3 01;3 u1ñ 01;3 01;3 1 0 0 0 1 0 5 0 0 0 5 0

01;3 01;3 u2ñ 01;3 01;3 1 0 0 0 0 1 5 4 0 0 5 0

4 4 4 4 4 4 4 4 4 4 4 7 4 4 4 7 4

01;3 01;3 uN GP Sñ 01;3 01;3 1 0 0 0 0 0 5 1 0 0 5 0

01;3 01;3 u1ñ 01;3 01;3 0 0 1 0 0 0 5 0 1 0 5 0

01;3 01;3 u2ñ 01;3 01;3 0 0 1 0 0 0 5 4 0 1 5 0

4 4 4 4 4 4 4 4 4 4 4 7 4 4 4 7 4

01;3 01;3 uN GAL ñ 01;3 01;3 0 0 1 0 0 0 5 0 0 0 5 1
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The transition matrix for the GPS-only processing case is as follows:

� GP S
T C =

b
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
f
d

I3 * 
 e
ie� t 03 03 03

‚C
e

b� t 0 0 0 0 5 0

Fe
21� t I3 * 2 
 e

ie� t Fe
23� t ‚C

e

b� t 03 0 0 0 0 5 0

03 I3� t I3 03 03 0 0 0 0 5 0

03 03 03 I3 03 0 0 0 0 5 0

03 03 03 03 I3 0 0 0 0 5 0

03 03 03 03 03 1 � t 0 0 5 0

03 03 03 03 03 0 1 0 0 5 0

03 03 03 03 03 0 0 k1
� 0 5 0

03 03 03 03 03 0 0 0 k2
� 5 0

4 4 4 4 4 4 4 4 4 7 4

03 03 03 03 03 0 0 0 0 5 kN GP S

�

c
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
g
e

(A.30)

wherek� = 1 if no carrier-phase cycle slip has occurred andk� = 0 if one has occurred.

The transition matrix for the GPS+Galileo scenario includes additional receiver clock bias

and drift states, along with additional ambiguity coe�cients (Equation A.31).
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Appendix B

Additional Topics on the GNSS Multipath

Environment Mapping

This appendix contains materials describing spatial sampling implemented to drive the RF

model training, proposes a procedure allowing use of hardware from various manufactur-

ers to collect data for GNSS multipath environment maps, and evaluates the RF model

prediction performance for a dataset collected in a city di�erent from where the model was

originally trained.

B.1. Random Forest Model Training: Spatial Sampling

The RF model training described in Section 3.2.3 requires the input feature data layers to

be sampled, allowing the information on the presence and geometry of objects a�ecting

GNSS signals at the reception area to be fed into the model. Subsequently, when the RF

model is used for prediction, the same data sampling approach is used.

Figure B.1a illustrates the geometry used for sampling of raster elements (or pixels)

from the LiDAR DEM layer. The following steps are carried out:

1. construct a polygon centred at the raster element of interest (in this dissertation a

dodecagon is constructed with a 25 m radius);

2. form sampling lines connecting the centre element and the vertices of the polygon;

3. for all raster elements intersected by one sampling line determine the maximum rel-
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(a) LiDAR DEM sampling geometry: selected element (green), sampling
lines (yellow).

(b) Neighboring raster element sampling ge-
ometry: selected element (green), sampled
elements (grey dots).

Figure B.1: Feature layer spatial sampling geometry for the RF model training.
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ative elevation with respect to the centre element:

si = max
�
hj * hcentre

�
; j Ë

�
1::Ns

�
(B.1)

where

i sampling line index

j index for raster elements intersected by a sampling line

h elevation value of a raster element intersected by a sampling line

hcentre elevation of the centre raster element

N s total number of sampling lines;

4. perform step 3 for all sampling lines and populate the LiDAR DEM sampling vector

with the obtained values:

sDEM =

b
f
f
f
f
f
f
f
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s1

s2
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sN s
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e

(B.2)

To illustrate the performance of the approach described above, six control points rep-

resentative of various obstruction environments are selected from the mapped area of Mon-

treal (Figure B.2). The results of the LiDAR DEM spatial sampling for each control point

along with the corresponding„mC_N 0
values extracted from the GNSS multipath environ-

ment map are presented in Figure B.3a and in Figure B.3b. Analysing Figure B.3 we note

the indirect correlation between the obstruction environment extracted from the LiDAR

DEM and the„mC_N 0
values for all but the control point F. The knowledge that control point

F is, in fact, situated in a tunnel (Figure B.2f) is passed to the RF model through sam-

pling the road type data layer, which allows the model to adequately interpret low„mC_N 0

observed along with low obstructions.

Figure B.1b illustrates the neighboring raster element sampling applied to determine

the presence or absence of foliage and buildings in proximity to a pixel of interest. If foliage
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(a) Point A. (b) Point B.

(c) Point C. (d) Point D.

(e) Point E. (f) Point F.

Figure B.2: Street views of the control points illustrating the LiDAR DEM spatial sam-
pling.
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(a) Data extracted by spatial sampling of the LiDAR DEM for six control
points.

(b) „mC_N 0
extracted from the GNSS multipath environment map for six con-

trol points.

Figure B.3: RF model spatial sampling performance illustration.
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is present in a sampled raster element, 1 is returned; otherwise, 0 is returned. Similarly, if

a building is present in a sampled raster element, 1 is returned; otherwise, 0 is returned.

The presence of a road and its type is determined directly through a single pixel value

of the feature data layers corresponding to a raster element of interest.

B.2. Towards Hardware Independence

The measurement of signal-to-noise ratio in a GNSS receiver is used for determining if the

carrier and code loops are in lock, allows the tracking loops to respond to various signal

environments, and is applied at the navigation processor level for signal quality control.

The carrier-to-noise-density ratio measurements are, however, dependent on the speci�c

implementations of receiver functions, such as signal acquisition and data demodulation

(Dierendonck, 1995). Further, theC_N 0 values depend on parameters of the estimation

method; speci�cally, as shown in Groves (2005), the commonly adopted narrow-to-wide

power ratioC_N 0 estimation performance depends on the averaging time used (low averag-

ing times allow the receiver to react to a change in signal strength faster but exhibits more

noise). Additionally, theC_N 0 measurement discrepancy could be expected depending

on the estimation method applied (e.g., narrow-to-wide power ratio, discriminator output

statistics, or correlator comparison methods) especially in case of weak signal tracking

(Groves, 2005).

GNSS receivers and antennas on board connected platforms collecting data for the

GNSS multipath environment maps are expected to be diverse, introducing a bias in the

mapped „mC_N 0
statistics if the hardware dependency ofC_N 0 measurements is unac-

counted for.

To demonstrate this e�ect in practice, the following test was carried out. TheC_N 0

time series from three continuously operating reference stations (CORS) located in Fred-

ericton, New Brunswick: UNBJ, UNBN, and UNB3; with the GNSS receivers connected
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Table B.1: The CORS receivers used in theC_N 0 time series analysis.

CORS Name Receiver Make Type Serial Number

UNBJ Javad (Topcon) Legacy MT312140408
UNBN NovAtel OEM6 BFN12250037
UNB3 Trimble Alloy 5922R40051

to the same antenna (Trimble TRM57971.00, serial number: 5311118062) through a sig-

nal splitter are analysed (receiver speci�cations are provided in Table B.1). The CORS

test data include daily observation �les for February 21, 2020. The discrepancy among L1

C_N 0 measurements from four GPS satellites could be noted visually in Figures B.4-B.7a.

In some instances theC_N 0 di�erence is as high as 4 dB-Hz (Figures B.4a, B.5a). This

inconsistency is high enough to a�ect the„mC_N 0
accuracy if these data are used for the

GNSS multipath environment map population.

In an e�ort to decrease the e�ect ofC_N 0 discrepancy, we propose to apply the min-

max normalization toC_N 0 measurements of each mapping platform:

C›_N j
0.t/ =

C_N j
0.t/ * min

Åt

�
C_N j

0.t/
�

max
Åt

�
C_N j

0.t/
�

* min
Åt

�
C_N j

0.t/
� (B.3)

where

t timestamp (UTC)

The normalization is carried out over all previously recordedC_N 0 measurements on an

individual mapping platform.

The normalized GNSS multipath environment map population statisticímC_N 0i;k is
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Figure B.4:C_N 0 time series comparison: G14. Figure B.5:C_N 0 time series
comparison: G22.

Figure B.6:C_N 0 time series comparison: G16.
Figure B.7:C_N 0 time series
comparison: G25.
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then calculated as:
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(B.4)

The e�ect of such a normalization in practice is demonstrated in Figures B.4-B.7.

Note the higher agreement of the normalizedC_N 0 among the three CORS for all satellites

considered.

B.3. Random Forest Model Performance on an Unseen

Dataset

The GNSS environment map prediction with the RF model was evaluated on a real-world

map segment of Montréal that was not used in the model training (Section 3.2.3). The next

point of interest in the RF model performance analysis is to test how accurate its predictions

would be for a dataset from another city. One potential obstacle in this case is thatspatial

patternsof the data considered as RF model inputs are expected to change from one city

to another. Byspatial patternswe understand

ˆ relative location of roads, buildings and foliage;

ˆ width of speci�c road types;

ˆ vegetation type.

The 1620 m• 1620 m area of downtown Miami was selected to carry out such an

evaluation. The open access GIS layers were retrieved following the approach discussed in

Section 3.2.3. The absence of a foliage data layer for Miami in open access was overcome
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Table B.2: Speci�cations of the Miami GNSS multipath environment map evaluation test.

Observation period at
each point

GNSS Hardware Data Rate Mode

3 min
Rokubun Argonaut (GNSS receiver:

u-blox NEO-M8T)
1 Hz

static,
GPS-only

by creating such a layer manually, retracing all major foliage features from the Bing Maps

satellite imagery (Bing Maps, 2019). To conform with the expected RF model input format,

vector layers were then converted to raster images with a resolution of 648 pixels• 648

pixels, each pixel representing a 2.5 m• 2.5 m square of the feature layer assigned with a

value (Figures B.8a-d).

The normalized GNSS multipath environment map prediction for downtown Miami

generated with the RF model is presented in Figure B.8e. Due to limited resources, it

was not feasible to perform the full mapping of the area with real-world measurements

for the map prediction evaluation. Instead, six control points were selected in the area

where the static real-world observations were collected, with the observation period of 3

minutes at each point. The control points are distributed to cover a variety of environments:

from heavily obstructed, to open-sky conditions. Refer to Figure B.8f for the control point

locations superimposed on a map and to Figure B.9 for the corresponding obstruction view

photographs. Further speci�cations of the testing are provided in Table B.2.

Figure B.10a contains the comparison between the real-world reference produced

with the Rokubun Argonaut board and the RF model predictedímC_N 0
metrics for the six

control points. Figure B.10b includes corresponding GDOP values observed, along with

2� error bars represented with black lines on both plots. For all except for point 3, the error

bars intersect, demonstrating the agreement between the prediction and the reference. A

possible explanation as to why theímC_N 0
prediction is higher than the reference for point 3

is as follows. A recorded presence of a tree in proximity to the control point likely caused

GNSS signal attenuation. The produced tree foliage geometry data layer (used as one of the
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(a) 2D building polygons. (b) Road polygons and types.

(c) LiDAR DEM. (d) Foliage.

(e) Normalized GNSS environment map pre-
diction.

(f) Control points location superimposed on
the satellite view of the area (retrieved from
Google Earth).

Figure B.8: Application of the trained RF model to the dataset of Miami: feature layers,
map prediction result and satellite view.
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(a) Point 1, view 1. (b) Point 1, view 2. (c) Point 2, view 1. (d) Point 2, view 2.

(e) Point 3, view 1. (f) Point 3, view 2. (g) Point 4.

(h) Point 5, view 1. (i) Point 5, view 2. (j) Point 6, view 1. (k) Point 6, view 2.

Figure B.9: Street view of the control points.
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(a) RF modelímC_N 0
prediction and the real-world measurements for six control points with2�

error bars.

(b) Average GDOP levels based on real-world observations with2� error bars.

Figure B.10: The RF GNSS environment map prediction validation.

RF model inputs) contains an inaccuracy near the control point: the foliage area is smaller

than it is in reality, which, in turn, resulted in the RF modelímC_N 0
prediction to be overly

optimistic.

The RMS error of the RF model prediction with respect to the reference based on

the six control pointsRMS RF = 0:11 (unitless). To make de�nitive conclusions on the

RF model performance, more control points need to be established. However, based on

the provided testing, no signi�cant decrease in RF modelímC_N 0
prediction accuracy is

expected in similar urban environments.
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Appendix C

Reinforcement Learning in IMU/GNSS

Integration: Work�ow and Performance

C.1. Additional Considerations on RL

RL algorithms could be divided in three groups: actor-only, critic-only, and actor-critic.

Several criteria were taken into account when selecting which type of RL algorithm would

be the best choice for learning the policy to control the mixed gain weight� in the mixed

H 2_H Ø �lter. With � Ë R, the RL framework is required to support the continuous action

space, ruling out application of critic-only methods that in this case become computation-

ally expensive. The actor-only methods use parameterized policies, which allow for the

continuous action space, but due to high variance of the policy gradient estimates, this

group of methods could show slow learning rate (Grondman, Busoniu, Lopes, & Babuska,

2012). The actor-critic RL applied in this work allows for both continuous action space and

for lower variance in the policy updates. In this context, the policy learned corresponds to

the �actor� part of the RL framework, and the value-function representation corresponds

to the �critic� part.

The ultimate goal of the RL agent is to �nd a policy� that maximizes a cost function

(or performance measure)J :

J .� / = E[h.R1; R2; :::/ð� ] (C.1)
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whereh is a function of the reward signalsR received by the agent while following the

policy � .

In our case, the performance measureJ is represented as the average expected reward

over the episode numbern approaching in�nity:

J .� / = lim
n™Ø

1
n

E

L
n*1É

k=0

Rk+1ð�

M

(C.2)

The application of average reward is done in scenarios when interaction between the agent

and the environment is assumed to continue forever (Sutton & Barto, 2018). In our mixed

H 2_H Ø state estimation scenario there is no �nal episode, and we are interested in a con-

tinuing improvement of the system.

With this, the general de�nition of value-function is as follows:

v.s/ = E

L
ØÉ

k=0

�
Rk+1 * J .� /

�
ðSk = s; �

M

(C.3)

The relationship between the value-function in the current state and the value-functions

in the subsequent states follows the Bellman equation (Sutton & Barto, 2018):

v.S/ + J .� / = E
�
r.S; �; S ¨/ + v.S¨/

�
(C.4)

whereS andS¨ are the current and subsequent system states correspondingly.

Critic attempts to �nd an approximate solution to the above Bellman equation (the

process referred to as the policy evaluation problem) by calculating the di�erence� be-

tween its right and left hand sides (see Section 4.3.4: step 7 of Algorithm 1) and using�

to update the critic (speci�cally, the value-function parameter vectorw).

In our RL framework setting, the reward received at a particular iteration could be

a consequence of several prior actions (selections of� ). In the pursuit of assigning credit

to a series of previous actions, the eligibility trace vectors are introduced for the policy

� and value-functionw parameter vectors (Equations 4.15 and 4.16). When a change in

the component of� or w results in a change in the value-function or policy gradient, the

corresponding eligibility trace is increased (see Section 4.3.4: steps 9 and 10 of Algorithm
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1). Consequently, it starts to fade away with time and the learning (adjustment of� or

w) would occur with non-zero instances of� until the eligibility trace falls back to zero

(Sutton & Barto, 2018; Grondman et al., 2012).

Another aspect to consider is the system state and the corresponding feature vector

construction. The system states includes a set of metrics available to the agent analysing

the environment of operation. In the case of GNSS-based navigation systems the agent

could make an impression of the environment by investigating the DOP levels, number

of tracked satellites,C_N 0 measurements, automatic gain control measurements, residual

output, and so on. To create a more meaningful representation of the environment, the state

should be transformed into features. For example, the mean and variance of the pseudor-

ange and carrier-phase residual time series quantify the residual behavior and could be used

as the RL features as opposed to the direct residual value output from the �lter. Note that

for the linear function approximation setting, the interaction among features is not taken

into account, and to overcome this limitation, combined features could be introduced into

the RL framework (Sutton & Barto, 2018).

C.2. RL Framework Diagram

The diagram in Figure C.1 illustrates how our proposed RL framework is incorporated into

the tightly-coupled IMU/GNSS integration engine.

The GNSS segment of the algorithm is set to process single-frequency carrier-phase,

pseudorange, Doppler shift, and carrier-to-noise-density ratio measurements. At the pre-

processing stage, a measurement availability is �rst determined and subsequently, quality

control routines, such as exclusion of eclipsed satellites, checking for measurement consis-

tency with expected values, and cycle-slip detection, are invoked. Range measurements are

corrected for wind-up e�ect (carrier-phase measurements), Earth tides, ocean loading, rel-

ativistic e�ects, ionospheric delay (modelled based on the European Space Agency (ESA)
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global ionospheric maps), and tropospheric delay (modelled based on the RTCA MOPS

tropospheric delay model).

The inertial navigation segment of the algorithm includes correcting IMU measure-

ments of acceleration and angular rate for corresponding biases estimated at the previous

integration iteration. The inertial navigation equations are applied subsequently, allowing

the system to form the innovation vector.

Next, the RL operations are initiated (orange-colored blocks in Figure C.1). The RL

system state is observed with state elements arriving from the current observation epoch

(number of tracked satellites, estimated GDOP, and variance of the pseudorange innovation

vector components) and state elements available from the previous integration iteration (es-

timated RMS of the position state, index retrieved from the GNSS multipath environment

map).

The steps 7-13 of the algorithm provided in Section 4.3.4 result in the updated policy

and the action: the mixed gain weight coe�cient selection.

At this stage the system is ready to invoke the mixedH 2_H Ø �lter. The estimated po-

sition errors are used to update the platform coordinates. The reward computation accord-

ing to Equation 4.25 is then carried out using the value retrieved from the GNSS multipath

environment map, the estimated state uncertainty, and the CRLB.

C.3. Test Track Overview

Figure C.2 includes the track for the RL framework development data collection.
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