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ABSTRACT

The Global Navigation Satellite System (GNSS) Precise Point positioning (PPP) technique
benefits from not needingdal ground infrastructure such as reference stations and accuracy attained is
at the decimetréevel, which approaches rene-kinematic (RTK) performance. However, due to its
long position solution initialization period and dependence on the recamrasurements, PPP finds
limited utility in obstructed areas. The emergence of -tmst, highperformance micro
electromechanical sensor (MEMS) inertial measurement units (IMUs) has prompted research in
integrated navigation solutions with GNSS PPP augrtientdn this study, novel research is performed
using a lowcost, dual and triplefrequency(DF and TF)GNSSand MEMS IMU to attaindecimetre
to submetre accuracy in challengirenvironmentsNew-generation applications demand decimetre
level positional accuracy while using lesost equipmentPPP that does not need any local

infrastructure has become a promising technique to be used fomsgsmarketapplications.

The objectives of the research are to examine the effect of senstrarong to improve
position accuracy assess the performance of TF PPP and MEMS IMU algorithm in-glgeand
simulated outages, and use adaptive filtering to maintain decimetre-toettadevel accuracy in all
environments using lowost sensors. An egombined GNSS PPP solution was integrated with MEMS
IMU using tightly-coupled architecture. The novelty addressed by this research is the combination of
the lowcost hardware and the software constraining that is used together to provide significantly
improved continuous and accurate navigation in the urban environment, which has not been examined
previouslyin the PPP + IMU researeinea Furthermoreto achieve sulbimetre levehorizontalaccuracy,
madification to the traditional robust adaptive Kalmatefi{fRAKF) is proposed. Data collected in open
sky, as well as urban environmentere assessed for the performance in simulated as well as real urban

outages.



Theintegrated system penfims with less than a decimettevel accuracy in opesky andsub
metrelevel in simulated environmenSubmetrelevel rms results were attained bgingthe novel
modified RAKF in urban areasThe outcomes of this research are reassuring towards achieving
continuous navigation solutions with decimetre to-suttre level accuracy for modern applications that

demand higher accuracy in all environmentsle using lowcost equipment

Keywords: PPP, PPP + IMU, lewost navigation, urban navigation, ddiedquercy PPP, triple
frequency PPP, adaptive filtering
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1 INTRODUCTION

Position, velocityand timing (PVT)along with attitude datdrom a navigation system is critical
information for various nexgeneration applicationse.g., drones, virtual realtyand low-cost
autonomous applicationghe flight management or flight control system banseal to steer an aircraft,

a driver can use the navigation receivea gar for turrby-turn navigation and timing information can

be used by banks and power grids for time stamping and control. The various forms of navigation
include: pilotage, dearkckoning, celestial navigation, radio navigatiand inertial navigatiofGrewal

et al. 2007) The Global Navigation Satellite System (GNSS) is a form of radio navigatbnology

and is the most common aid used in various applications to obtain accurate PVT information. GNSS
comprises ohavigationsatellites from various constellations including GPS, GalilddDISASS and
BeiDou.A GNSS receiver usdbetrilateration techniquarnd thus needat least 4 satellites to compute

a basicPVT solution. Howeverpositioningis not always accurate and precise by ushgGNSS
receiveralone when the available number of satellite sigisalst sufficient. When a navigation system

is usedwith a GNSSreceiveralone, the accuracy of the position solution caty from decimetrego
hundreds of metres durirggpartial GNSS outag®equired Navigation Performance (RNRyameters
specified for navigationperformanceaccording to civil aviation committeénclude: accuracy,
availability, continuity and integrity (Depatment of Defense et al. 2008)lavigation performance

parameters are briefly explained below.

9 Accuracyis the degree of conformanod the estimated position with the true position at a given
point in time. A measure of uncertainty is associated with the accuracy performance as it is a
statistical measurédssuming that the position error follows Gaussian distribu@it,percentile
(2-sigma) accuracy specification for a receiver means9b#t of the time, the averagstimated
positionis within the specifieduncertainty fromthe true position(Department of Defense et al.

2008; Groves 2013)



1 Availability is themeasure ofhepercentage of time the servicesaafavigation systemwan be used
by theuserby meetingthe specified accuraagquirementgDepartment of Defense et &008;

Groves 2013)

1 Continuityis the ability of the navigation system taperateand perform without any interruption.
Continuity isspecified in terms aheprobability of the navigation systemaintainingthe specified

performancdor theperiodof operationDepartment of Defense et al. 2008; Groves 2013)

1 Integrityis the ability of the system to providgimely warning to the user when the system cannot
be usedor navigation purposeandthe trustworthiness of theavigation solution provided by the
sydem. Integrity is measured in terms of protection leyBlspartment of Defense et &008;

Groves 2013)

Position accuracy depends on the type of GNSS receiver used (hardware captialgghmetry of
satellites GNSS measurement processing technipe the quality of measurements tracked by the
antenna. Some applications suchsasveying, mapping, autonomous vehicles and others demand a

precise navigation solutipandintegratingGNSSreceiverwith other sensors becomes mandatory.

1.1 Introduction to sensor-based navigation and applications

For land vehicles UAVs etc., accurate,rpcise and continuous nhavigation is required in all sorts of
environments including arsaovered with foliageand obstructions due to buildings.€., in urban

areas), tunnels etc. Therefore, it becomes a necessity to integrate thedgBi8&with another self

reliant sensor in order to achieve accurate navigation in difficult enviroen@m of the most popular
sensors used in integrated navigation isltleetial Measurement Unit (IMU). An IMU is a seailiant

sensor with a triad of accelerometers and gyroscopes. GNSS and IMU sensors are complimentary to

each otheras GNSS data has lowsamplerate with higher accuracy for long pergodndan IMU



sensoroperates at higher data rate and can deliver higher accuracy for short periods Qfthiene.

sensors useidcludethe odometer, altimeter, LIDAR and camera to name a few.

The choice of GNSS8eceiverand its integration with different grades of IMU varibased on the
accuracy, integrity and continuity requirements of the target application. For a survey application,
geodetic grade equipment is used and on the other side of the spectrum for most recent and modern
applications, such as lewost autonomouapplications, UAVS, virtual realityetc, there is ademand

for continuous decimetrievel accuracy andot all applicationsrequire cm level accuracyable 1-1

(Vana et al. 2019ajives a summary of various requirements that are considered for grchicte ve
positioning(Stoilova 2014; Onishi et al. 2017)he stastical details mentioned ifiable1-1 are only
regarding position accuracy and is not classified based on the technology used. The Society of
Automotve Engineers (SAE) international standard J3016 has published the automotive industry
requirements that are strict in order to maintain safety and integrity for specific applications such as

autonomous driving, crash warning, lane deparete

Tablel-1: Positioning requirements for automotive applicati(vsna et al. 2019a)

Position accuracy Latency Area coverage

(m)

0.1to ~0.3 ~0.02 seconds Everywhere

0.5t0 ~1.5 0.5to ~1 second | Possibly everywhere
~5 ~1 second

5to ~10 10 seconds Targeted region
~1minute
25 to ~50 ~1 minute Possibly everywhere
50 to ~100 ~5 minutes




The benefit of integrating sensors for navigation is that they complement each other to achieve
continuous and accurate navigatauringinstance of reduced performanand/orfailure of one of the
sensors. In the pastGNSSreceivercoupled with sengs such aanIMU, odometerand/orbarometer

have been explored by many auth@bsSheimy et al. 1995; Scherzinger 2000; Shin et al. 2005; Abdel
Hamid et al. 2006; Yang et al. 20148ensors used for navigation and aiding have evolved over time:
GNSS receivers have evolved from being able to track sfreggiency singe constellation to tracking
multi-frequencies and multonstellations; IM$ haveevolved from gimbabased tostrapdownand

from optical (optical accelerometers, Ring Laser Gyros, Fipptc Gyros) tamicroelectromechanical
(MEMS) IMUs; odometers; lowcost cameras and LIDARKing 1998; Bisnath et al. 2018H)ue to
advancements in micraadtronics and computing capabilities, sensors have evolved into less complex

systems and the cost of the sensors continues to decrease.

Low-costsensor manufacturingfforts over thepast two decades aexpanded the horizon for many
more lowcost applications to use multiple sensors and achieve higher accuracy. Theukesgnsor
navigation systesis pertinent foachieving accurate navigation solution using-loegt sensors:igure
1-1is a representation of the mudensor integrated system that is gradually becoming the industry

standard to achieve precise and continuous navigation s@ution

Applications such as autonomous navigafi@sari et al. 2016; Almeida et al. 2019pbotics, UAVs

(Kwon et al. 2020)and nextgeneration intelligent vehicle systefdgia and Waslander 201€emand
low-cost navigation sensors with high cacacy and reliability(Bisnath et al. 2018b)These
requirements make it difficult to maintain the demanded accuracies in challenging environments.
Different processing techniques such as augmentitiy Precise Point Positioning (PPP), adaptive
Kalman filtering, and stochastic modelling such as measurement epadigd weighting based on
signatto-noise ratio (SNR) can be used to achieverdpiiredaccuracies, which are the foci of the

presentedasearch.
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Figurel-1: Future multisensor integrated system components. ARRSS (2013)

1.2 Intro duction to GNSS precise positioning

The key to achieving higher accuracy using a GNSS receiverasglticethe errorsassociated with the
GNSS signals during transmissiddoth hardware and software solutions impact the accuracy that a
receiver can attain. With new constellations and satellites that are launched by various organizations,
multi-constellation and mulfrequency signals are available to be tracked and wwsidg multiple
frequency signals ian efficient method to remove or mitigate the ionosphere error which is one of the
largest errors that affects the position solutiémailability of many signalsvhich in turn results in
improved measurement geometryeavin difficult environments such as urban areas or obstructed
environmentsn general has resulted in improwvedsition solution accuracyhe recent L5/E5a signal

has the inbuilt capability to mitigate multipath and n¢Siensky et al. 2008; Circiu et al. 201FR)ulti-
frequency signal prossing when L5/E5a is included makes it an efficient combination to minimize the
position error.Aside from the availability of muksignal and multconstellationmeasurements,
different techniquesan beused to mitigate errors based on the accuracy requirement of the user. Some
of the techniques used in modern receivers are briefly discussed in this section.
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Differential GNSS (DGNSS) is a differential positioning technique that uses code measurements for
processing with a base and rover setup. The base station position is surveyed to a high degree of
accuracy Using the base position, ranges are formed between the base station and the satellites. The so
formed residuals are attributed to the satellitelclephemeris, and atmosphere errors. The residual
errors aretransmitted to the rover via datalink. The accuracheDGNSS technique is in the order of

cm to submetre levelall values referring to horizontal positiancertainty(10)) (Parkinson and Spilker

1996; Groves 2013)

RealTime Kinematic (RTK) is similar to DGNSS in the sense that the common systematic errors
between the base and rover are removed but RTKassesr phaseneasurements which are much

more precise than code measuremehite RTK technique is used by applications that dememe

level accuracy. The measurements are sent via the datalink from the base station to the rover where
single and doubldifferencing of the measurements is performed to mitigate the common systematic
errors between base and rover. Furtaerhiguity resolutionAR) is applied to fix the whole number of

carrier phaseycles which makes the RTKechniqueunique to achieve am level accuracin a few

secondgParkinson and Spilker 1996; Groves 2013)

Precise Point Positioning (PPP) is a technique wherein a global network of staiosesd to broadcast

precise satellite clock and orbit products which can be used by standalone re¢&iveberge etl.

1997) The downside of PPP is that it takes a few minutes to a few tens of minutes for the position
solution to converge to the decimetre level. However, there is a iloteoéstthat is diverting towards
PPRbased GNSS navigation, as well as sensor integr
to offer decimetrdevel accuracy without requiring local reference infrastructdiee presented

research uses PPP augmentatisrthe GNSSeceiverto achieve precise positionifigcause abeing

able to achieve cadm-level accuracy withoutaving toinveston local infrastructure



1.3 Evolution of navigation sensor integration

In the past decade, many manufacturers suckbésxBroadcom, MediaTek, Qualconm(iwang 2018;
European GNSS Agency 201&nd others haveetailed singlerequency (SF) GNSS receivers. The
accuracy produced by such lamest SF GNSS systems is at the mégkel. Dualfrequency (DF), as

well as recently tripldrequency (TF) GNSS receivers, were limited to kégicuracy applications such

as agiculture, avionics, crustal deformation, remote sengjegdetic control surveyingtc., wherem-

level accuracy isequired Along with changing trends in GNSS technology, some manufacturers such
as SwiftNav, Unicore communications;blox, and others dve started showcasing lesest DF
receivers, evolving in the lowost receiver space. Septentrio and Unicorecomm are the first among the
few to release a TF lowost GNSS receiver. The accuracy achieved by these receivers is atdhe cm

levelwith RTK processing depending on static or kinematic mode.

Although there are GNSS receivers available in the market that can perform exceptionally well in terms

of software processing (positioning solution), the performance of the receiver is largely restribeed by

guality of the antenngsun et al. 2017and in turn quality of measurements, the antennaeaseThe

low-cost applications targeted by this research require an antenna that can be used as a rover, more
portable, and less expensive. Therefore, a patch antenna was a natural choice. Patch antennas have been
used widely by SF receivers as theyselly possess tHeNSS signatharacteristics to receive L1 band

signals. However, recently companiesluding Tallysman, Amotech and others have released DF and

TF patch antenna@anther 2012ith good multipath rejection capacity comparedhe previous

generation of lowcost patch antennas.

While GPS/GNSS and sensor integration is a popular topic of research, GNSS PPP and IMU integration
is a more recent area of study and application. Vioriducted byzao et al(2017a, b); Elsheikh et al.
(2020) used highprecision GNSS receivers such as a Trimble NetR9 MiEMS-based IMU with

tightly-coupled (TC) integration. The authors claim that the algorithm achiedeslavel accuracy



during simulated outages. These studies achiewetevel accuracy for short outages such &3
secondsForlonger period outages (10 secks to a few minutes)he authors concluded thatcuracy
varied fromsubmetre to 10s of metres. The resultpresentedy these studieshangesdased orthe
number of satellites used for the solution during the outageimetrelevel accuracies are expected
because of the highuality hardware used as the primary sensor for navigdtisheikh et al. (2019)
studied lowcost, SFPPP and MEMSMU integration using a looseoupled (LC) architecture in
urban environments in retime. The authors explicated that the LC algorithm sustainedstite level
accuracy during short outages such as due to underpasses. The study also considered addryg outag
driving in anunderground parking for 3 minutes, where the solution performed with a few metres of
error. Lowcost DF PPP + IMU using a geodetic antenna @atieranalysed byana et al(2019b)

and the authors concled that theaccuracyperformance of the system remainstithedecimetrelevel

even during 30 seconds thie simulated outage&lmezayen and HRabbany (2021axperimenedin

the lowcost DF GNSS PPP and MEMS IMUWsing TC and ionospherdree combination of the
measurements. Trauthors stated that the combination of hardwaresaftdvare algorithm performed

with a submetre level accuracy in opesky environment and a metlevel accuracy in challeing

environments.

Research in the PPP + IMU area explored so far is either related to integratingpaeliglon DF
GPS/GNSS receer with a lowcost MEMS IMU or lowcost SF PPP integrated with MEMBU.
Cheng et al. (2018)onducted esearchusng a lowcost TF GNSS and MEMS IMU. The research
assesses thaccuracyperformance usinthe BeiDou constellation in RTK mode with a short baseline

of 5 km. With the emergence of nex¢neration lowcost, TF receivers in the market, it becomes an
interesting part of GNSS PPP + IMU research to assess the performance et@stioWF GNSS
receiver with dow-cost MEMS IMU. DF/TF GNSS receivers are more attractive for PPP processing

than SF ones, as ionosphere refraction (one of the major contributors to GNSS signal error) can be



mitigated and DF/TF GNSS PPP position solutions typically converge fasterSthaGNSS PPP

solutions.

The lowcost sensormustbe complemented with optimal estimation algorittneluding adaptability

in aKalman filter (KF) becomes necessary while dealing with harsh environments such as urban setting
Adaptive filters andRobustadaptive KF RAKF) have been explored by various researctéasg and

Gao 2006; Yang and Cui 2008; Yang 20fd)various applicationdn a recent publication blyotfy et

al. (2022) the authorsvorked ongenerating an equivalent weight model that is statistically robust by
the chisquare tesfor adaptive observatioomodel for multiple observationsThe work claims

improvement in PPP accuraby 15-45%andconvergence time

1.4 Overview of York GNSS PPP and IMU integration software

York-PPP software ia modular andcalablesoftware processor written in C++ thre Microsoft .NET
platform.The software is coded the C++ language to ensure reusabilifork University GNSS.ab
has together contributed to the development of the PPP proeesk#re project consists of hundre
thousand lines of code with several projects and claBsélsis overview section, the developmental

stages ofrork-PPPare presenteandtheintroduction of sensor integration to the processor is explained.

Represented ifrigure 1-2 is the York PPP+IMU architectureThe input segment consists of GNSS
IMU, odometerdataand configurationsettingsto the proceser As part ofthe GNSS data, GNSS
observation data and related augmentatitarmationsuch as satellite clockrbit and bias, atmosphere
correctionsandsatellite and receiver antenna correctiaresfednto the softwareorrectionsThe input
information related tahe IMU sensor isthe accelerometer and gyroscapav observations and the

odometer data consists of the speed of the receiver measuredchy dlashboarddometeisensor

The incoming sensor datare pre-processed and forwarded to the estimation engine. Yidr&-

PPP-IMU system hashe capacity to process multionstellation and mulfrequency GNSS data. The



GNSS error corrections and the estimated IMU drift are compensated and input to the filters. When only
GNSS datarebeing processed,sequential least squares estimator is ugeehfusing different sensor
information an Extended Kalman filter (EKF) issed. The estimated parameters include receiver
position, velocity, clock and biases, troposphere delay, ionosphere delay, ambiguities and IMU biases.
The output parameters are the log files generated for analysing the processed data. The output data

includes, estimated parameters, processing parameters, solution quality indicators and satellite

information.
Input parameters Processing engine Output parameters
? Error corrections Consteliations Estimated parameters
GNSS observation data Estimated parameters
« GPS
Atmosphere « GLONASS b Receiver co-ordinates
3 : y o Galileo b Receiver velocity
GNSS satellite orbit, clock and ;g « BeiDou-2 L Receiver clock
bias = « BeiDou-3 b Receiver biases :
2 Relativistic effects b Troposphere delay Processing parameters
z = b lonosphere delay
Global ionosphere corrections || | 2 oces P Ambiguities
g Sagnac effects « Single-frequency p MU biases
> . 1E’)ual—frfequency Solution quality
x = riple-frequency [ (DOP, rms, standard
i @ = e
Satellite a:;rfee;ﬁ;‘r/:f antenna 2 : « Quadruple-frequency deviation, residuals,
S g Earth rotation « Mixed-frequency covariance..)
o h 4
@ igui i -
g Ambiguity Resolution Eils
Raw IMU measurements Site displacement -
Sequential Least Satellite information
Squares (PRN list, elevation,
S Pt azimuth
Odometer data Phase wind-up IMU mechanization — Kalman Filtering )

Figure1-2: Architecture ofYork-PPP+ IMU processing engine

1.5 Dissertation problem statement

Thedemand for decintee-level navigation solution accuracy by varidag/-costapplications such as
low-cost automotive and autonomous applications, smart dewuiceses etc., have prompted for
researchusinglow-cost multi-sensor navigationThecurrentresearctuses aluakfrequency as well as
triple-frequency low-cost GNSS and MEMS [IMUalong with software enhancemerits achieve

continuous, accurate and precise navigation solufioraddress these neesarious software features
such agonstraining of measurements of the sensors based on known fpbisios are applied and
adaptive filtering iglevelopedo weight thesensomeasurement@ppropriately in urban environments
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The challengein the field begets multiple research questions and the current research effort is to

understand and sohafew of thesechallenges.

Research question 1:The quality of lowcost MEMS IMU measurements akdased and the
mechanized solution drifts in time if the bégarenot corrected during the estimation process of Kalman
filtering. Based on known physical facts and the environment, the IMlddiiaa be constrained. IMU
measurements are affected moteew the vehicle is stationary and partial, or complete, GNSS signal

outages occurs. The key questions are:

1. How does zero angular rate update (ZARU) constraint impact attitude correction when the

vehicle is stationary?

2. How does zero velocity update (BD and land vehicle (LV) constraining affect vehicle

velocity estimation when the vehicle is stationary?

3. How does height constraining help in increasing the degrees of freedom during short GNSS

signal outage?

4. Does applying all constraints, i.e., ZARBUPT, LV and height constraining have greater

impact than applyingnyone constraint?

Research questior2: Low-cost DF GNSS PPP and MEMS IMUaslefectestandard in the market for
various applicationdHowever, the introduction of lowost TF GNS$nto the market has marked a new
milestone in the navigation worl@he usage oé third frequencyfor GNSS processing helps in faster
convergence and 1eonvergencewhile the MEMS IMU bridges the gaps dugipartial or complete

GNSS outage The key research questions are:

1. What istheaccuracy performance of lcaost TF GNSS PPP and MEMS IMU in an open sky

environment?
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2. How does the accuracy performance ofdowst TF GNSS PPP with MEMS IMU compare with

DF PPP and MEMS IMUwhich is an industry standard fonanyapplications?

Research questior3: The objective of this research follows from the previcegearch question to
assess if stochastically constraining the navigation solution helpaprove conwergence and re
convergence time ariditial accuracyDoes ionosphere constraining usingréori knowledge such as
Global lonosphere Maps (GMhelp? The goal is to determine if applyimgnosphere constrainingQ)

helps to improwve initial accuracy and if reonvergence tingreduces. The key research questions are:

1. How does ionosphereonstraining(IC) impactconvergence and reonvergence time for TF

PPP + IMU when compared to DF PPP + IMid open sky environméht

2. How doesionosphereconstraining (IC) impact convergence anda@nvergence time for TF

PPP + IMU when compared to DF PPP + IMU during simulated outages?
3. Does ICimprovethe initial horizontal accuracy?

Research questiond: The key advantage of integrating an IMUtlwa GNSSreceiveris to have
accurate and continuous navigation during partial and complete GNSS signalsolrtageler to
analyze the performance of th& PPP + IMU algorithm with constrain(&NSS as well as IMU)
during complete and parti@NSS signal outagesimulated outageare generated and tested. The

following questions aranswered:

1. What is the performance of TF PPP + IMU when outages are introduced for half a minute

compared to DF PPP + IMU?

2. What isthe performance of TF PPP + IMWith IC duringhalf a minuteoutagecompared to

DF PPP + IMU and SF PPP + IMU?
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Research question 5Testingin simulatedenvironmerd is not equivalent to reanvironment outages,
because when the satelliggmduallyreturnaftera real outage, the GNSS signals are prone to multipath
and causéargejumps in the position solutioif.o deal with urban area outagadaptive filtering needs

to be adoptedspecificdly to deal with satellites that arrive and disappear frequeintlyurban
environmentsTo detectinstances where the adaptive filterimyustbe appliedsystem innovations

basedstatistic andrariancecomponent ratidasedstatisti@al methods are usedhe keyquestionsare:

1. Doesrobust adaptive Kalman filtering (RAKF) help in achievibgtter than a metrdevel
accuracy in urban environmes® Does applying RAKFhelp in improving the accuracy

performance of the algorithm withoRAKF applied?

2. What is the accuracy comparison sfstem innovationbased statistial versus variance

component ratidasedstatistial?

Earlier work involvingRAKF wasmainly focussed oempiricallydetecing the epochs wheradaptive

filtering needs tde applied RAKF canhelp inminimizing the jumps in position error and maintain
continuous and accurate navigation solutionthe presentedesearchthe novelty comes frontwo

aspects: 1) using RAKF technique on completedow st har d war e publishecheforth a s n 6t
and 2)removingdependency oampirical valuesandrelying on number of satellites while processing

the data

1.6 Novelty, contributions, and significance

The currentresearcheffort is to developalgorithms and models fdow-cost multi-frequencyGNSS
PPP andVEMS IMU integration using the TC technique ando assess algorithrperformancein
simulatal, as well ageal urbanenvironmentsThe contributions from this research apdersionsof

the work conducted by other groupsy.,(Gao et al. 2014, b; Elsheikh et al. 2019, 2020)he focus of
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this research is to improve accuracy, availability and precision of th#igro solutionin difficult

environmentsThe following argheresearcitontributions:

1. Assessment of accuracy improvement achieved by applying software constraining (vehicle motion
constraints and ionosphere constraining) onémst DF GNSSPPP +MEMS IMU algorithm,

2. Analysis of lowcost TF GNSS PPP+MEMS IMU algorithm in terms of accuraogtinuity, and
precision

3. Accuracy rformance analysis of loaost TF GNSSPPP +MEMS IMU algorithm in an urban
canyon environment during variossnulated and realignal outage scenarios

4. Analysis of the integrated algorithm in urbamg-urban areas wit multiple and frequent GNSS

outages by applyingn RAKF.

The novelty of this research liestino areas:

1. The combination of using lowost hardware along with software constraining and adaptive filtering

to achieve sulmmetrelevel positionaccuracy andantinuity in urban environments.

2. Improvementspplied to the traditional RAKEstimation tanake the estimation process free from

empirical dependency.

The outcomesof this research worlare important forvarious lowcost navigatiomapplicationsthat
require continuousdecimetre to submetrelevel accuracy. Also, for future lewost autonomoys

insurance partiestc, it is important to develop a secure, intelligent and reliable navigation system.

1.7 Dissertation outline

Chapter 2introducesGNSS processing techniques and the prominence of PPP processing. The

discussion is followed by PPP error models atedcription of challenges due to hardware and
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environment. The later part of the chapter introduces IMU errors, grades of IMU and IMU

mechaization

Chapter3 dives into the details dbw-cost GNSS PPP and MEMS IMU fusion using tightbupled
architecture that isnplemented in this research. The detailsystemmode| measurement modehd

stochastic modelling are discusdetiowed by a brief introduction to ionosphetenstraining.

In Chapter4, methods taconstran a MEMS IMU are discusse® arious vehiclemotion constraining
methodsare explainedand assessetb conclude thatmprovemers that can be achieved by applying

vehicularmotionconstraining.

Chapter Xiscusses on analyzing the accuracy performance etdsti F PPP with the MEMS IMU
integrated solution. The performance is compared to the DF PPP ahdAllybrithm performance is
assessed for various test cases such as open sky and simulated data. Finally, the TF PPP and IMU

integrated algorithm is assessed when applying ionosphere constraints.

Chapter6 introduces the challengdéaced by a lowcost navigation solutioparticularly inan urban
environment and how the challenges are handled by appRAdg-. A couple of differentearning
statistics are used to detect the epoctepfily RAKF. The effect otwo RAKF statistical approaches

is analyzed and compared.

Chapter7 provides summargf the research worénd recommendatiorier futureresearch.
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2 GNSSPRECISE POINT POSITIONING AND
INERTIAL MEASUREMENT UNIT

Navigation has beamsedthroughouthuman history. The scienoénavigation has evolved enormously
from using landmarks to using artificial satellit€irrenty GNSS is used as a default navigation aid
either with or without other sensorslavigation sensorgsontinuean evolution to attain agreater
accuracy using loveost equipmentin this chapter, an introduction to precise positioning using GNSS

andIMU sensas are described

2.1 Global Navigation Satellite Systen{GNSS)Precise Point
Positioning (PPP)

There are three different techniques used to determine position and velocity astisiaeGNSS

signak. The nost widely used technigue in legost positioning iSingle Point Positioning (SPP)The

second technique ilative posiioning and third onds Precise Point Positionind®PB. The three

technigues are briefly discussed in the following section.

2.1.1 GNSS neasurement processingechniques

In SPPprocessingSFcodepseudorange measurements are used by a single GNSS receiver to compute
the position estimat&'he accuracy of SPR at the fewmetre-level. The estimation technique used in

SPP is least squarsslution computed each epaobii usingGNSS satellitdoroadcast clock and orbit
information Since it isan epochby-epoch least squares estimation method, the solution is noisy

compared to thether techniquesas ndiltering over time is performe@Kaplan 1996; NovAtel 2015)

The secongrocessingechnique igelative positioningncluding DGNSS and Redlime Kinematic

(RTK). DGNSS is briefly describealreadyin subsectiori.2 In RTK techniguecodeandcarrier phase
pseudorangeneasurements are used along with one or more base stations to correct for common
systematic erroraNear instantaneousm-level positionng is possible©One caveat is that accuracy
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depends on the baseline length between base and rover. As the distance between the base and rover
increasesthe accuracy decreases as the atmospheres eleoprrelate Therefore, a the distance
between the base and rover increases, residual atmospiieraneed to be estimated maintain the

required accuracfKaplan 1996; Hoffmann et al. 2004)

The third measurement processinigchnique is the Precise Point Positioning (PREgmentation

method. In PPRhepseudorange arghrrier phase measurements are used but, in a standalceiger
mode.Precisesatelliteorbit, clockandbiascorrections areomputedrom a global network o$tations

and broadcagb the userThe PPP technique benefits from not needing local grimfrasstructuresuch

as reference stationasnd accuracy attained is at tihe-cm-level, approacing RTK performanceThe
measurement model details of the PPP method used in this research is described in the following section

(Zumberge et al. 1997)

2.1.1.1 Why use PPP?

The purpose and the applications targeted by RTK, and PPP were different and therefore were developed
independently. PPP wasitially developed as a replacement for network static relative positioning
(Zumberge et al. 1997PPP comes in handy when base stations are not available or installing such base
stations is financially and logisticallyurdensome. In such locations, the alternative to using a RTK is
PPP to attain cadm level accuracy of the position solution. The main advantages of PPP when

compared to RTK ar@Choy et al. 2016)

1. The nonrequirement of local groundased infrastructure and usage of precise products to
obtain a precise and accurate position solution.

2. Provides fAabsoluted positioning information.

These reasons make PPP a very desiai#enative to RTK/relative positioning. The disadvantage of
using PPP is the long convergence time period. Using PPP, it takiésriths to achieve a cm level

accuracy in stationary mode. There are various techniques used to decrease the conveegfemae tim
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PPP technique such as constraining the ionospheri

(GIM), ambiguity resolution, sensor integration and others.

2.1.1.2 PPP processing technique

In this research, an uncombined measurement model is wheck no linear combination of the
measurements formed unlike the ionosphefeee combinedThe tncombined mode of processing is
preferred as it allows easy scalability to more frequencies and allows for the use of external ionospheric
information e.g., Global lonospheric Maps (GIM). Theode and carrieqphase pseudorange
measurements of the three GNSS fregie=mtan be expressed in the formeduatiors (2.1) and(2.2)

(Zumberge et al. 1997; Hofmatwellenhof et al. 2007; Naciri and Bisnath 2021)

0 0 ™ Y TTO 6 0 Q (2.1)

. T ®d ™ Y T!TO 06 0 0o Q (2.2)

In Equatiors (2.1) and(2.2), srepresentsisatellite,i = 1, 2 and 5 represemnthefirst, second and third

signal frequencies, is the geometric range betwesgatellite and the user positidl) is the receiver
clock errors is the satellite clock errofYis troposphere delay, —is the ratio of frequencies

applied to the first frequency ionospheeay'Oat frequency, ® andd are the receiver and satellite
hardware biasesespectively 6 andd are thereceiver and satellite phase biggespectivelyand

‘Q andQ represent the receiver noise and multipadspectively. ®@servations are corrected for
relativity, Earth rotation, satellite antenna phase centre offset (PCO) and variation, (f@ggwvind

andsolid Earth tides Thetroposphere delay consists of dry and wet défaynberge et al. 1997The

dry components corrected by using an a priori model and the wet component is estimated as a random
wal k process. The | alediuging the Glaba kgpring Eumdti@oelanr eeal. mo d e |
2006) One pnosphere sta per satellite is estimated as white noise and is sometimes constrained with

GIM to shorten the initial convergence anecomvergence time. = c¢/Qis the signal wavelengtber
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satelliteand( is the integer ambiguity on each frequendshile performing TF GNSS PPP + IMU
integration, ifonly two frequencysatellite datareavailable, such a satellite measurement is still used

in DF mode in combination with the other satellites that have Tra{Naciri and Bisnath 2021)

2.1.1.3 PPP error models

Most errors are commonly dealt with (Kaplan 1996; Misra and Enge 2004)) the processing
techniquegSPP, RTK and PPP)In the case oEPP, the navigation solutionpgrformed usingode
pseudoranges, therefore an accuraelter than a metre is not expectbdthe RTK technique most
commonsystematicerrois cancelout in shorter baselinesHowever, in PPPasglobal corrections are
usedto mitigate the errors, the errors that contribute tel@vel position error aralso required to be
modeled or corrected to attain chavel positioning.ThePPRrelatederror sources are briefly described

below.

Satellite Orbit and clock error$ In the case ofthe SPP and RTK processing techniquasmadcast

ephemerisKeplerian elements and corrections are used to compute the orbit paranasidithe
polynomial coefficients broadcast in the navigation message are used to compapstimétter clock
offset In thecase of PPP, precise orbit and clock products are transmitted directly from analysis centres

for reattime operation

Broadcast orbiaiccuracy is in the order of metri@ both radial and along tradomponentswhereas
the precise orbit products accuracy is less than 9 dmawise, the broadcast clock accuracyifew
metresin range and the precise clock products accuracinikevel in rangeThe accuracy measure of

the preciseproducts are thso callediinal prodwcts (Leick 1995; HofmansWellenhof et al. 1997)

Troposphere errar As a GNSSsignal passes through the troposphere, the signal slows dowits and

direction change. Troposphereerror cannot be directlpbserved by GNSS, therefore predicting
troposphere errowith precision is challerigg. Tr opospher e del ay consists

fiwetd parts. The dry delay depends atmospheric pressure ateimperaturewhile the wet delays a
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function of water vapar pressure and temperature. The dry component const@Qgésof the total
troposphere delay and is predictabiéowever,the 10% ofwet delay is irregular. In PPP processing,
wet delay is estimated@here are various standard models to compute the tropospher@.aitéy1995;

HofmannWellenhof et al. 1997)

lonosphere error While the GNSS signal travels throutie ionosphere, the signadfractsandthis

refractionis invergly proportional tothe signal frequencyTherefore, vimen two or more signal
frequencies are useinosphere delay can be mitigated to a largerngxThe code and carrier part of
the GNSS signal are affected differentiynosphere delay is a functionfoéquency, time of delay, user
latitude,solar activity, elevation angle to satellaad height of the useAs ionosphere error is one of
the limiting factorsto quick convergence in PPBsing externainformation,suchasGlobal ionosphere

maps (GIM) helps to shorten the convergence tiioeick 1995;HofmannWellenhof et al. 1997)

Multipath i As the name implies, when a GNSS signal is received by the antenna from multiple paths
than just a direct linef-sight, it causes multipath phenomendéthen a part of the GNSS signal bounces

off of nearby buildingsor ground, such signals can interfere with the signal that is directly received by
the antennaA skewed correlation peak is formadhen such an interference happéeRse nultipath
effectcancause 10s of metres of eriarcodepseudorange measuremeiiise effect of multipath error
oncodepseudorange measurements is a few magnitudes higher thamggisier phase measurements.
There are various mitigation techniques to deal with muhipdfl) Narrow correlator receiver
technologies(2) Stochastic modéng i downweighing the low elevation satellite datand (3) use of
antenna that have multipathrejection capability, e.g., choke ring anter(heick 1995; Hofmann

Wellenhof et al. 1997)

Antenna offset§ Antenna offseerrors apply to the transmitting and receiving antenfibe antenna
offset errors include antenna phase center offset @rabe centre variatiorDue to imperfect

manufacturing processes, the antenna phase centre candefirtea perfectly If the phase centre
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compensation is not applied, theight coordinate is affected the most and shows an ernoamfcm.
Phase centre variation refers to the changdfectivephase centrerith respect to sensing orientation.
Phase offset and phase variation of an antenna can be meaghrad antennan a robotic arnin an

anechoic chamber or outdod@tseick 1995; HofmanfWellenhof et al. 1997)

Instrumental delays The causes for instrumental delays aretdueceiver hardware delayhich is a

resultof electronics andelay specific tdhereceiver irrespective dhetracked satellite. Instrumental
delays are often modelled as an additional &dded tdhecode and phasguatiors. Instrument delays
include:differential code biadX{CB), differential phase bias (DPBklative code bias (RCB) and code

phase bias (CPEB).eick 1995; HofmanfWellenhof et al. 1997)

Site displacements Site displacements are ealthsed motionghat affect GNSS position within an

earthfixed reference frame. Site displacement phen@aesnnot the actuarror sources in GNSS. The
error effect due to sitdisplacements at thecm-dm level andtherefore isnot noticed inSPR These
errors cancel out in DIESS RTK, and network RTK (NRTK)The following dfects are part of site

displacementél_eick 1995; HofmansWellenhof et al. 1997; Altamimi et al. 2011)

1 Plate tectonic$ Tectonic plates moveith respect to each other. These plates move at different

rates at plate edges compareéhteriors Thedisplacementan bemanycm-dnm/year.

1 Solid Earth tidesi Gravitational forces affect the solidarth Solid Earth is represented by

spherical harmonic expansion and coefficients. The &alith tide displacemers a function of
gravitational motion ofthe Earth, Moon, and Sun, horizontal station position and time. It is
compensated by using loalp tables. The magnitude of displacement is up to 30 cm in vertical

(sinusoidal) andip to 5 cm in horizontal (sinusoidal).

1 Ocean loading The aean loading effect is larger @mastalregions and is causdyy the weight

of theocean tides. The displacent correction is computed per GNSS stationiamadfunction of
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T lunar position, tidal condtients, horizontal station position and time. Lagktables are used
for correcting theoceanloading effect.The displacement magnitude is 5 cm in vertical Aruin

horizontal.

1 Earth rotationi From the time the signal is transmitted to the time signal was received by the

receiver, inr~70 msec, th&arth rotats, and thiseffect needs to be compensated.

Relativistic effects Relativistic effect is related to tl®rrection due to velocity of the satelliteorbit

with respect to the user dfarth. The error is corrected based on instantaneous satellite position and

velocity.

Carrierphase wind ug Any rotation along thesignal i.e., from transmitting or receiving antenna

boresight causes an increase or decrease in recorded-phasemeasuremenWind-up error does not

affect thecodepseudorange measuremeftsick 1995; HofmantWellenhof et al. 1997; Kouba 2009)

Receiver clock offset Receiver clock parameter needsbmestimated in all processing techniques

unless single/double differencing is performé&de dock parameter can be estimated as white noise or
asimilar procesand is treated as a nuisance parangteick 1995; HofmantWellenhof et al. 1997;

Kouba 2009)

Carrier phase ambiguitiésAt the start ofcarrier phase signal tracking, an arbitrary counter is set for

carrier phase cycle trackinghich biases the mearements in an unbroken sequence of satellite carrier
phaseobservation measuremsnAmbiguities are estimatedsing techniques such as LAMBDAn
PPP, estimatmthe ambiguities and fixing them is the key to achieving adamevel accurady.eick

1995; HofmanAWellenhof et al. 1997; Kouba 2009)

Receiver noisé Receiver noise iypically modelled agn uncorrelatedrrar source. Receiver noise is

a direct result of thermal noise, dynamic stressjllator performangeetc. Although receiver noise
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term is inevitable, theontribution of the error term to the GNSS error budgéypgcally negligible

(Leick 1995; Hofman#Wellenhof et al. 1997; Kouba 2009)

2.1.2 Challenges in using GNSS

Typically, while using a GNS$eceiver the user receiver needs to have -lriesight to the GNSS
satellites. When the lineof-sight to a satellitds lost orif the signals get reflected off any other surface
causing multipath, either signals alest, or they becomebiased andar noisy Therefore,the
environment is one of the major factors that determinegdbigionaccuracy of a GNS&ceiverIn an
open sky environmenttesatelliteline-of-sight is maintained and a good horizowtfiftion of precision
(DOP) aids in attaininghe requiredaccuracy DOP isa dimensionless metric that indicatis effect

of relative satellite geometrgn the accuracy of position solutioWhen the satellites are well spread
out, DOP is lower indicating highesrecisionin position solutioncomputation DOP canindicatea
particular type ofprecision componegtsuch as position DOP (PDORjprizontal DOP (HDOP),
vertical DOP (VDOP)and geometric DOP (GDOPPDOP is the most commonly uspdrameter to
indicate the relative satellite geomefifovAtel 2015) The accuracy requirements are based on the
application When the same quality receiver hardware is takenabsiructed environment, such as
urban areas,forest or an underpassthe accuracy performance will severely degrade dugotw
visibility to satellitesor multipath errog affecting the signalsis the signals are obstructed often, the
satellites appear andisappearfrequently as GNSS receiver suffers from loss of lock offiéis
behaviour causabe DOP to increase and restit poor accuracy performancis discussedjue to
PPP's slow initial convergenceyesy time apartial or complete GNSS signal outage happess,

convergencéakes time.

Figure2-1 is an attempt to explain the performance of the GR&8iverin different environments.
GNSS data usingpulti-constellation, multfrequencylow-cost equipment including Septentrio Mosaic

x5 andTallysmanTW7972multi-frequency patchntennaverecollected on DOY 2, 202ly mounting
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the equipment om car. The car was initially stationary for 20 minutes and gtarted moving. As
indicated inFigure2-1, thefirst 35 minutes of datwerecollectedin anopensky environment. Then

the car passithroughanurban environmenfs shown inFigure2-2, in the opersky area, the average
number of satellites is 21 arlde average PDOP is 1.25. The total number of satellites average and

PDOP indicate that the satellite availability and geoynetisvery good.
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Figure2-1: Plot of accuracy performance of GN&®eiverin opensky and urban environments
The horizontal rms of the position solution in the open sky is 10 cm. After the cazdauntean area,
the average number of available satellites reduced to 16. More importantly, the number of sdltellites f
to zero at a few epochs as seerFigure 2-2. The horizontal rms in the urban area is 9 m and the
maximum errors range up to 150 m. The PDOP shoots up to 20 when there are insufficient number of

satellites.

The accuracy and total number of satellites availability clearly exemplifyetiermance of the GNSS

receivers in opesky versus challenging environments. Therefore, using GNSS alone in harsh
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environments is not an ideal solution for applications that seek decileetteaccuracy in all sorts of

environments.
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Figure2-2: Plot of number of satellites and PDOP in os&y and urban environmertsrresponding
to Figure2-1

The second limitation concerning GNSS positioning is the hardware used for the reasatVer,
specifically the antenna thaensesthe GNSS signals. Most higirecision applications such as
surveying, agriculture or mapping use a hoghality antennapreferably with multipath rejection
capacity (such as the antennas with choke ring). These antennas are largarid iz in price and

power consumption. The most coronly usedtype of GNSS antenna is the patch or helix antenna.
Rooftop applications such as automotive, UAVS, etc. use a patch antenna. Helix antennas are preferred
by some handhield devices(Kaplan 1996) In the case of ultrbow-cost applicationssuch as
smatphonestape antenrsare usedvhere the signal attenuation is much higher and multipath rejection

is poorer.Position solution accuracy depends on the type of anteseh the chipset as well as the

algorithmprocessing technigussed.
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Figure 2-3 showsthe horizontal position error results of thielfl testconductedn stationary modé¢o
evaluate the performance of the geodgtisdeversudow-costhardwareThegeodetic grade hardware
includesNovAtel OEM7 receiver connected to NG850 geodetic antennahile low-cost hardware
includesthe Mosaiex5 receiverconnected to th&W7872low-costpatchantenna. A base station was
setup at a known locatioat York University Toronto, Canada he two datasets wepostprocessed
usingthe York-PPPengine. The reference solution was generated using the Inertial Explorer software
by postprocessing irRTK mode and the solution was smooth&be statstics related to the results

represented ifigure2-3 are shown inTable2-1.
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Figure2-3: Horizontal position error comparison betwaegodetiegrade and lowcost hardware

Table2-1: Statistics fothefield test related to geodetgrade and lowcosthardwarerepresented in
Figure2-3
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FromFigure2-3, the geodetigrade hardwarbas a faster convergence penmden comparetb low-

cost hardwareAsindicatedin Table2-1, the receiver data processed by using giotlardwarehas a
convergence time of 8 mins and a horizontal accuracy of 5temrafching theonvergencéhreshold

The convergence accuracy considered in this cagdes the solution reaches 10 cm accuracy and
remains below 10 cm througho@n the other hand, the leeosthardwaretakesclose to an houto
attain convergencand the horizontal accuracy i< (after convergenceTherefore, the results from
the experiment clearly indicate that using geodaitiwargroduces better horizontal accuracy as well

as quicker convergence timger low-cost hadware

2.2 Inertial Measurement Unit (IMU)

An Inertial Measurement Unit (IMU) is a sekliant device consisting of a triad of accelerometers and
gyroscopes. The accelerometers measure sphwifie,andthegyroscopesneasure the angular rate of
an object the IMU is attached tdome recerMEMS IMUs also include magnetomes$do measure the
surrounding magnetic fiel#Vhen an IMU is initialized with position, velocitgnd attitudenformation

the device is capabld performing navigation without any external imigl However, the accuracy of
navigation achieved depends on the quality of the accelermaetbigyroscopes usé€ll-Sheimy and

Youssef 2020; VectorNav 2021)

Today, four consteliitions make up GNSSand numerousaugmentation services as wellhe
requirement of the GNSfceiverto have lineof-sightto the satellitesmakes it challenging to obtain
an accurate positiosolutionin difficult environmens such as downtown areas, areas covered with
foliage, tunnelsetc. An IMU sensor can be integrated with GNSS as it can camgit the GNSS
receiverto provide navigation information continuously in all sorts of environm@itSheimy and

Youssef 2020; VectorNav 2021)

An accelerometer meares specific forcer change in velocity over time. An accelerometer can be of
different types such amechanical, quartz and MEMS. In a MEMS type accelerometer, a proof mass is
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attached to a spring as showrFigure2-4(a). Sensitivity axis is the direction in which the proof mass
can moveApplying a linear acceleration to the accelerometer causes the proof mass to move to one

side The distance moved by the proof mass is proportional to the acceleration.

A gyroscope sensor is used for measuring rotaifan object with respect to the inertial frariéere
are different types of gyroscopedisplacement gyroscopes that measuratian angle and rate
gyroscopes that measure tiage ofrotation(Grewal et al. 2007Based on the application, the quality
of the gyroscope used variggpplications such as guidance, navigatiand control (GNC) systems
require higher performanc8uchapplications typically use opticglroscopesgnavigation grade IMUs)
andare capablef providing unaided navigation performarfoe anextended period of timeOptical
gyroscopes include Ring Laser Gyros (RLG) and Fiber Optic Gyros (FOGSs).Sufghds are low

quality gyroscopes arareused in lowcost applications, such agtomotive, drones, smartphones etc.

Two types of MEMSbasedgyroscope models are shown kigure 2-4(b) and (c).Figure 2-4 (b)
represents single mass gyroscopkerea mass is attached to the a«is. The driving force on Xaxis
causes oscillations on theakis. When the object is moving, an angular veloaitis applied about the
Z axis which causes the mass to experience a force in the Y direction. The force Hdlitleetion is a
consequence of Coriolis effec@oriolis effect is the force experienced e thass m moving with
velocity vand rotating in a reference frame with angular velogitis given by F =2m( ¥ x v(El-

Sheimy and Youssef 2020; VectorNav 2021)
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Figure2-4. Pictures of 1D accelerometer agytoscopgAfter VectorNav 2021)

A more common gyroscope configuration used in MEMS IMUs is the tuning fork configuration as
shown inFigure 2-4 (c). Coriolis force acts in opposite directions on each mass and the change in
capacitance is directly proportional to the angular velocity. In case of linear acceleration, the masses
experiece movement ithe same direction and the measured angular rate is zero. This configuration
helps in reducing the sensitivity to shocks, vibratioasd tilts (EI-Sheimy and Youssef 2020;

VectorNav 2021)

2.2.1 Error sources

All sensor measurements are susceptible to erttdsl measurements are integrated over time to
compute position, velocityand attitude. Since the measurements are integrttederror in the
measurements will grow as a powetluétime interval. Therefore, therrors are studied and estimated
to correct them during the IMU mechanization proces#An IMU sensor suffers from
systematic/deterministic and random/stochastic errarslassification of different types oMU
systematicerrorsis: - bias, scale factarror, scale factor notinearity, and crosscoupling of sensitive
axes measurementigot all errors are important for analysés some areery small and can be ignored
(Groves 2013; EBheimy and Youssef 2020; VectorNav 20ZIhe most common errors that are

discussed and modelled while using an IMU are representadune2-5.
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Figure2-5: Figurative representation of IMU errdisfter (NovAtel 2015)

Biasi Bias is theoffsetbetween thectual measurement value and the sensor olpuinstance,

when the IMUis stationary, one would expect the accelerometer Z axis to measure gravity as 9.81
m/$and O turn rate as there is no movement. However, typically this is not the case. The difference
between the measured gravity or the turn rates and the actual measusaimemias offseBias

can be characterized using two components: bias repeatability and bias g@hiltys 2013; El

Sheimy and Youssef 2020; VectorNav 2021)

0 Bias repeatability: When an IMU is turned on, if the initial bias can be repeateti éme,
then the repeatable bias of the IMU is good amables faster convergence and estimation. If
the bias changes each tithe MU is turned on, it is difficult taestimate for every powep.
Changea could happen due to change in the physical properties or initial conditions of signal
processingThe unit for bias repeatability for acceleromstem/g anddeg/hr for gyroscopse
(Groves 2013; EBheimy and Youssef 2020; VectorNav 2021)

0 Bias stability: Bias stability is also known as thelinn biasThe initial bias of the IMU drifts
over time.The reason for the drift could be due to temperature, or due to mechanical stress on
the systemThe inrun bias is usually estimated in the ewttion filter and compensatéor
in the IMU measurementiuring the mechanization process. Some IMUs are manufactured

with temperature compensatijomhich enhances bias stabilitfhe unit for bias stability for
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accelerometaris m/g/hranddeg/hr/hr for gyroscoméGroves 2013; ESheimy and Youssef
2020; VectorNav 2021)

1 Scale factor Typically, it is expected that theMU sensor inputo-output ratio should be equal to
1. However, theatio of input to output is not 1 in reality. The multiplicative fadtwatallows the
input-to-output ratio to equalize to 1 is called the scale fg&ooves 2015)The unit of scale factor
is denoted by ppr{Groves 2013; EEheimy and Youssef 2020; VectorNav 2021)

1 Scale factor nonlinearity : The inputto-output ratio of the scale factor is assumed to be linear.

However, this may not be the case due to external factors such as environmental effects and
sometimes due to sensor desi§uch, nodinearity should be taken care of as scale factor is
affected most during high acceleration or rotati@noves 2013; EBheimy and Youssef 2020;
VectorNav 2021)

1 Crosscoupling of sensitive axesneasurements While performing the manufacturing mounting

of theIMU sensor axis, misalignment is a common problem that cauesscoupling errorsThese
errors are sometimes called misalignment errors or -@xsssensitivity.Due to misalignment
issues, residualinertial measurements from another axis that is orthogonal to its sensitivaraxis
measuredEl-Sheimy and Youssef 2020)

1 g-sensitivity: When a gyroscope is subjected to linear acceleration, the gyroscope experiences a
bias shift due to acderation sensitivityGyroscopes are typically tested gansitivity experienced

due to linear acceleratiq@®roves 2013; EBEheimy and Youssef 2020; VectorNav 2021)

Sensor measuremeydrealways affected by random noigeccelerometers and gyroscopesaifected
by random errorecause oélectrical and mechanical errofhe roise cannot be calibrateand needs
to be stochastically modelleBandom noise is also called random wélkcause integrating reoisy
signal to determine attitude will caudee integration to drift over timand, thadrift will seem like a

random walk.There are two types afandom walk for an IMU angle random walKARW) for

gyroscopegdeg@) and velocity randonwalk (VRW) for accelerometerém/stQ . The random
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walk which is the effect of random noiaects thgperformance of GNSS and IMU integrated solusion
during partial or complete GNSS outagespecially in static conditiongas IMU measurements tend to

drift when calibration is ngberformed.

The impat of measurement errors on performance of an IMU is dependent on the technology used to
manufacture andesign andhe design itselfThe performance of an IMU depends onttegnitudeof
deterministic and random errors in the measureméhexefore, IMUs are categorized based on their

accuracy and performance

2.2.2 IMU grades

The cost and underlying technology used to manufacaméMU drives its performance.The
availability of a wide variety of IMU sensors in the market based on the sensor performance gives the
customethe luxury to choose the IMU sensor that is suitable for the applicatmwever, the spectrum

of choices available may also becoawause for confusigras thee is no standardategorization. In a
broader sense, IMUs are categorized into the following types as indicatatle®?-2: a) Strategic b)
Navigation c) Tactical d)ndustrial e)ConsumerThe IMU classification inTable2-2 is based oiin-

run bias stabilityand random walk errorss theyaretwo of the major factorén determiring inertial

navigation performanc@/ectorNav 2021)

Although accelerometers and gyroscopes can be used as individual sensors in aiding navigation,
grouping them improves inertial navigation performance. As a result, gyroscope liias is a quick
indication of the quality of IMU performanc&he driving factors to choose a particular IMU for an
application are the expected type of navigation solution accuracy and budget con@texitteNav

2021)
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Table2-2: Classification of different grades of IMUs based on Gyro angle random walk and
accelerometer bias error (modified from Vector Nav Library 200&Hgimy and Youssef 2020)
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Figure 2-6 shows the categorization of accelerometers Rigdire 2-7 shows the categorization of
gyroscopes based on the type of sensors and theimitbias stability. There are two types of
accelerometersnechanical and quartz/MEMS accelerometers. Mechhaitcelerometers have an in

run bias of about 1 pg, whereas quartz/MEMS accelerometers can range from 1000 pg to 1 pg for all
grades of IMUs except navigation grade. Fibptic gyroscopes (FOG) are available in all four
performance categories, while gtraand MEMS gyroscopseare used by consumgrade, industrial

grade and tacticalgrade applications. Ring laser gyroscopes (RLG) consist-nfnirbias stability
ranging from 1°/h to 0.001 °/h. Mechanical gyroscopes havarirbias stability less than(RO01 °/h,

which makes them higperformance sensors.
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Figure2-6: Accelerometer performance gradafier Vector Nav Library 20Q&I-Sheimy and
Youssef 2020)
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Figure2-7: Gyroscope performance gradefter Vector Nav Library 2008, E3heimy and Youssef
2020))

2.2.3 Mechanization

The triad of accelerometers and gyroscopeaniiMU measurs specific force andngularrates. The
measurement model for accelerometer and gyro measurements with errors is gigaatiars (2.3)
and (2.4) (Farrell 2008)"Q is the actual accelerometer measuremasttor that accounts for all
measurement errofis, " is the accelerometer scale factor efirap, is the accelerometer bi4s,& is

the accelerometer ndimearity errorvector, andv is the measurement noigector] is the actual

gyro measurementectoraccounting for all measurement@s;] "®is the gyro scale factdr® is

gyro biags| Q represents gyro-gensitivity, andh is measurement nois&€ and] are obtained

in the bodyframe.

MM 01T Q T & U (2.3
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1 01 "0 ] 10 1Q 0 (2.4)

IMU mechanization is the technique of converting the raw IMU measurements into position, velocity,
and attitude information. The in@ib the mechanization procem®the body frame specific force and
angularratevectorsfrom the IMU, initial position, velocity, and attitudgong withthe gravity vector

The IMU mechanization ithe Earth-Centred, EartiFixed (ECEF) frame is pictorially represented in

Figure2-8. The following steps give a summary of the pro¢€ssves 2013)

1. Attitude update

2. Conversion of specific force from the body frame to ECEF frame

3. Velocity updatewhich includes converting specific force into acceleratigin aid of a gravity
model and compensating for Coriolis effect

4. Position update

‘ Gravity l
model ={ Velocity |

Update

Transform
specific
force frame

-~

['MU ] | Tinitil [ initial |
___velocity | |_position_|
@iy (Tpdat \
L pdate _ -
Initial __1;
_____ Attitude |

Figure2-8: Inertial mechanization in ECEF frartafter (Titterton et al. 2004and(Groves 2013)
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In this research, the ECEF frame has been chosen, because it is easy to perform the integration for a
tightly-coupled architecture, where the measurements are in terms of ranges. The mathematica

representation of the mechanization process in the ECEF frame is giguation(2.5) (Farrell 2008)
0 YQ "Q cmvu (2.5

Dot on the quantity represents the time derivative of the respective quiantiyhe 3D positiowvector,

Le is the 3D velocityvector and’Y is the attitudematrix. q 1 s t-Bymmefik matrix with
gyroscope measurements™Q is the spedic force measuremenector Where,m =Y m and local
gravity vector isQ O i m m i .0 i is theacceleratiordue togravity. Initial conditions
for position { 1), velocity @ 1) and attitude 'Y (0)) need to be supplie@Farrell 2008) The
transformatiormatrix from ECEF to bodframe(Y cannot be computed directly. TherefpECEF
to local navigationframe is computed and transformed iMtousing’Y as shown in Equatiof2.6).

YoOYY (2.6)
YooY

The mechanization process in different frames and more details can be found ,ilGrewgal and

Andrews (2001)Farrell (2008) Groves (2013)
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3 LOW-COST GNSSPPPAND IMU FUSION

Using lowcost sensor® achieve accurate and preaisvigationsolutionis challenginglue to thetype
of hardware used arilequality ofmeasurementensed by the sensolrsorder to achieva decimetre
level positionaccuracytargeted by the application in this reseambftware constrainings used to
compensatéor the shortcomings of the hardware usedthis chapter, a brief intradtion of different
types of GNSS and IMU integration techniquegtended Kalman filter system and measurement
models used, and ionosphereconstrainingare discussed. In the next chapter, IMU measurements

constraining based on vehicle dynamacsexplained.

3.1 Integration techniques

An EKF is typically usedor the estimation procesis the case of GNSS and IMU integration the
measurement equationimsa norlinear form. In an EKHjnearization is performed ahg the trajectory

that is updated from state estimatesulting from the measuremernitfiree methods of integration are
primarily usedto combineGNSS and IMUdata(Godha (2006)xand Falco et al. (2012) The first
technigue is called looselyoupled (LC) integration, wherethe differenceof processed position and
velocity from GNSS and IMU are used measuremesntLC integration involves a smaller number of
statesas well as measurement§he second technique is tighttpupled integration, where raw
measurements from GNS&ofeand carrier phase) and IMU (specific force/turn rates or the predicted
coddcarrier phasel)erivedcounterpartarecombinedn the EKFE The lattemeans that more states are
involved in the estimationrpcess. The third type of integration is digepoupling, wherghe IMU is
calibrated by the GNSS updates and, in turn, the IMU assists the receiver tracking loops when there is
interference or low signal strengthi et al. 2017b) Detailed explanations of these architectures can be

found in reference texsuch ag-arrell (2008) and Groves (2013)
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3.1.1 Loosely-coupledintegration

The most common architecture afoosely-coupledKalman filter uses processed data from different
sensors rather than raw measurements. For instdnrec&NSSbased navigation solution is integrated
with the IMU-based navigation solution akown inFigure3-1. TheGNSS measurements are processed
by applyingthe PPP technique and IMU measurements are converted into position, yelodigttitude

by using the mechanization proces§.he differencebetweenthe GNSS PPP position and IMU
mechanized position form therror measurementsvhich is the input to the EKFA complimentary
Kalman Filter is used and error correctionttoe IMU is performedwhich closes the loofBrown and

Hwang 1997)

L Pgyss: Venss
Navigation

solution

¥

r’_P._'\
recise [
orbit and 6P, 6v,0¢,b,,b
EKF a
clock }—E

corrections r

Inertial Prygu: Vinu, Ay

Mechanization

&P, v, 8¢, b,, b,

Figure 3-1: Looselycoupled architecture
3.1.2 Tightly -coupledintegration

In this researchthe TC approach has been used beca@architecture can estimate position and
velocity with better accuracy whehe number of available measurements is fewer than the number of

unknownstates
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Figure3-2 is the block diagram of the software architecture used to integrate GNSS PPP measurements
with those from a lowcost, MEMS IMU. Precise orbit, clocland code bias corrections, along with
corrections such as the earth rotation, atmosphere, relativistigghaseg wind umre applied to the

GNSS measurements. The corrected GNSS measurernedéea(id carrier phaspseudoranggsare

represented by wE Q |, respectively.
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=
=
=
=
=
g

receiver lono-
constrainin,

Precise
orbit and
clock
corrections

8P, 6v,8€,b,, by
EKF
Predicted

observations I BV, OV
b ;
Vimu H, Wy

=7

Y NHC/Vehicle e

P V El=

mu ViMu constraints ==

Ay =Y

— o

6P, 8v, 8¢, b, b =
. OV, 0€, g, Dy
MEMS-IMU Inertial . >
Mechanization P&, Ve
y 3 IMU: YIMU

_ Alvy
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Figure3-2: GNSSPPP MEMS IMUtight integration block diagram

Specific force and turn rates from the IMU are representé@by @ . " Q¢ @ are transformed
into positiond  , velocity®  and attituded from a known initial position, velocityand attitude
(determined approximatelysing GNSS measurements)singd , &  and the satellite coordinates
in ECEF predicted IMUcode and carrieiphase measurements @©¢& Q are formed. The
residualémisclosurebetween the GNSS measuremerits ( @& € ) and the predicted IMU
measurements’ WEQ form the measurement input to the EH@&nosphere constraining is
applied for theGNSS measurementising theGIM datato aid with quicker initl convergence arma-
convergenceAs the applications targeted by this research do not require centilentieaccuracyat

95" percentile ambiguities are not resolved and estimated as float vallugts-constellation and muki
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frequency GNSS measurements uaeglsufficient to achievethe desired goal of this researdie
output from the EKF are corrected IMU posiﬂorf) velocity] yattitudg fhbiasesfor accelerometers
o hand biass for turn ratesi g The error states B & i & & Q@ are fed back to inertial

mechanization to correct errors. The corrected position, velocity, and attitude of thearidU

0 o OE®

Based on knowledge of threhiclemotion, zero velocjt updats, zero angular rate updatéand vehicle
constraing, and height constraining help in minimizing unexpected bebavimom the IMU
measurements whilde vehicle isstationary as well as in motion. The details and benefitaation
constraints e explained irChapter4 as well asvana et al. (2020)Due to the inherent drifof IMU
measurementsconstant calibration is necessavehicle motion consaints can be applietb IMU
measuremenia an LC architecturas well.SinceTC integrationis adopted in this work, vehicle motion

constraitis are explainedith respect to TGrchitecture.

The third popular integration technique is known as deeplpled integratiorwhereGNSS and IMU
measurementare fused athe signal processintgvel. IMU raw measurementspecific force and turn
rates)are usedo assisin the receiver tracking algorithiemd he IMU errors are estimated using the
GNSS measurementSince the algorithm interagwvith the tracking loops of the receiver softwarel
requires access to the firmware/receive softwdeeplycoupled integration is the most complicated
integration technique of a{Mark G 2008) Therefore, thdocus of thisdissertationis tightly-coupled

GNSS and IMU integration.

3.2 Extended Kalman Filter

A complimentary Extended Kalman filter (EKF) is used in this research. The system model consists of
the navigation statefiylU states, and GNS8nly stateqJekeli 2012; Groves 2013; Abd Rabbou and

El-Rabbany 2015)
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3.2.1 Systemmodel

The system Equation for a discrete Kalman filter Equation is given by Eq@atigiiDing et al. 2007;

Groves 2013)
w B ® 0 (3.1)
where,w is the¢ @ state vectorf3 is the state transition matrix of sizew,&® is the

uncorrelated whit€&aussian process noise.

The state vector comprises of the terms as shoqumtion(3.2).

T 70707 -10 70 Q © o 0 8 0 Oi (3.2)

10 1 &1 ®] &is the error in the position represented in the ECEF frame)
1@ 1® 1w isthe errorin velocity represented in the ECEF frame. 1- 1- 1- isthe

attitude error in roll pitch and yaw troposphere wet delayy is the accelerometer bia®, is the

gyroscope biag) i is the carrier phasevaiguity for satellitei,| 0 is theGNSS receiver clock drift
error,"Qs the estimated ionosphere per satelbtedi is the receiver DCB per constellati@ihark

2004).

3.2.2 Measurementmodel
The measurement Equation is given by Equatos).
a Ow 0 (3.3)
& is the measurement vector of sizepnO is &  &esign matrixandv is the uncorrelated white
Gaussian measurement noise.

As explained in the previous section, the residuals betweeRRReorrected GNSS measurements
(codeand carrier phaspseudorang@sandthe predicted IMU measuremento@le and carrier phase

pseudoragey, and the GIMconstrained ionosphere measurements are the inputs to the EKF as
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represented iEquation(3.4). Doppler measurements fraitme GNSS receiver are not usedcagle and
carrier phase measurements provide accurate enough velocity eston#tedarget applicatiothat is

propagated through dynamic model

o " - (34)
a o ° ‘ -

) O "0 o

u P v
In Equation(3.4), ” representhe code pseudorange measurement"afatellite ” is the
predicted code pseudorange measurement for itheatellite, represent the carrier phase
pseudorange measurementtgatellite is the predicted carrier phase pseudorange measurement
for thei™satellite O is the slant ionosphere delay, and is the receiver DCB an®® is the
GIM product.

The design matri¥ is shown inEquation(3.5). It consists of the design model for GN&#ated

states.
L‘ T— o on p T L L& moomoere . &) (35)
(1] w a T an 1
o 0B 15 15 g oro n d
T o o p s 1 p T T 5[ QTrQ m E$l
Un n n = T TN M T 3 P p &
ueg é é é € €é & & é € & é é

The first three columns are the partial derivaikBthe 3Dvectorposition coordinates with respect to
each satellite followed by 1x3 velocity and attitugetorentries. The next column has an entii§o

for clock bias followed by clock drift. The troposphere dry component is heodand the wet
component is estimatedtcording toehm et b (2006)to reduce the impact of errors in the estimation
process._is a partial derivative for the ambiguity terins. The last two columns are ionosphere and

receiver DCB related entries famosphere constrainindQ).
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3.3 lonosphereconstraining

One bottleneck that causes longer convergdime using the PPP technique is the estimation of
ionosphere error. To improve ionosphere estimation during initializatsonell as reconvergenceafter

signal loss usage of Global lonospherMap (GIM) correctionlC has been explored by various
researchrs includingCai et al (20173, Aggrey(2018, andBanville et al(2019) The previous research
claims to decrease the convergence time48/50%. In this research, the ionospheric parameters have
been constrained using GlMking oneday predicted GIM bythe Center of Orbit Determination in
Europe (©®DE). Typically, in PPP processing, ionospheric estimates contain a receiver Differential
Code Bias (DCB)/code hardware delay lumped into it. In order to be able to perform constraining with

GIM, the receiver DCB needs to be estimated. Therefore, ion@sghky can bexpressed as:
‘© 0O 1 (36)

In Equation(3.6), Ois the ionosphere delay combined with receiver DOB, is the slant ionosphere
delay, andi  is the receiver DCB. The constrainiigyachieved by forming pseueabservations
between the estimated ionosphere def@aM products and the estimateid . The misclosure for the

pseudeobservable ishown in Equatiorf3.7).

@ 0 i ob 37)

3.4 Stochastic Modelling

Stochastic modelling for any estimation filter forem@mportantaspecto attain results closer to reality.
Measurement weighting needs to be adopted according to the quality of the hardware of the sensors used
and the process noise has tdroplemented based on thevel of understanding of thadyynamics of the
system.Both measurementncertaintyand system dynamics are key to achieving optimal estimation

results.
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3.4.1 Measurement noise modelling

Figure 3-3 shows that both code and phase residuals depersatelite elevation angle with high
elevation satellites having less noise than-Wevation ones. Therefore, an elevati@pendent

weighting scheme is used as showEduation(3.8) whichis improvised fronEueler and Goa(l991)

Code residuals [m]

Phase residuals [m]

Elevation angle [deg]

Figure3-3: Dependence of code and phase residuals on elevation angle for a sahmple 3wiftNav
Piksi dataset

. A (3.8)
O p DI M@

K is the measuremestandard deviatiowhen the satellite is at the zenithis set to 0.15The value
for cdwas choselbased on various testsat were conductebly varying the values fay andOwhich

is the elevation anglef the satellite The key to good weighting is therefore the choicé of To
estimate the accurate valuefof ha calibration is performed basedtbetypeof receiver measurements
used (geodetic, lowost, smartphone ejcTo do sojt is postulatedhat both code and phase residuals

represent the measurement nase that most other errors are correctly estimated. The Jeqsares
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adjustment model iRBquation(3.9) is used for the estimation of bofh

1991)
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3.4.2 Systemmodelling

The IMU state transition matrix and process noise modelling are discussed in this section. The IMU

andA

states estimated the ECEF frame are representeddquation(3.10).

rl‘l Il
|1|0 i
n .

®
II(::) 1
uw U

11 isthe3D- positionerrorvector| 0

is the 3Dvelocity errorvector] T

(Eueler and Goad

(39)

(3.10)

is the 3D attitude error,

o is the accelerometer bisvectoranda is the gyroscope biasvector The superscripe denotes

the ECEF frameln a discreteform, the transition matrix is shown Equation(3.11). The complete

derivation of the state transition matrix is giver{@roves 2013)

N 0 Oof 1 1 T
0Ot O ¢m t Ot 0ot T a
5 T m omt m 6t
1T T T ‘O LY
urTt T T T 0
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In Equation(3.11), O 0Qv ,0 — e 0 is the estimated direction cosine

matrix that can convert th® specific force from body frame to ECEfame. 0 is the estimated

latitudesolution fromthe previous epoch

The variance matrix of process noig@) is an important factor to tune the EKF in an integrated
navigation system involving an IMU sensdrhe main contributing factorto the process noise
involving an IMU are the random watk velocity error due to noise in specific force measurements
ard therandom walk error of attitude due to noise in #mgular rate measurementde inrun bias
states for the accelerometer and the gyroscope are modelled as white noiteeyles not separately
estimatedGroves 2013)The process noise can be approximated as shoqguation(3.12). T is the
statepropagation intervalY and"Y represented ifEquation(3.13) are the power spectral densities
for accelerometer and gyroscope noise while and™Y represented irfEquation(3.14) are the
power spectral densities faccelerometer and gyroscope bjas.and, are theaccelerometer and

gyroscope measurement noise standard devgtion

T T T I o (3.12)
ﬁr YO T I LG
0 U m YO m L1 S
(Tt T T Y © T
ut T T T Y O Qy
Yo b de Y o (3.13)
v vy L (3.19)

t is the interval betweethe output of the accelerometer and gyroscpéhe inertial navigation
equatiors. ,, and, are the accelerometer and gyroscdpeamic biases, respectiyellhe scale

factor error, crossoupling errorandg-sensitivity errors are not modelled or estimatettirather they
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are approximately compensated fordssigning largenodeled accelerometeand gyro random noise
(Groves 2013)Thereforean approximated gyro and accelerometer modedledornoise isncreased.
The ionospherand clockstates arassignedargeprocess noise 1 mwhile the float ambiguity states

are estimated as constants.

While considering using an IMU for navigation purpggie first thought is the drift that is induced by

the biagsin the measurements that needs to be taken caEgueicially with lowcostiIMUs, the biass

in the measurements increase as legast components are used. In order to constrain the drift in the
IMU measurements, vehicle motion constraints need to be used. The details and further results are

discussed in the next chapter.
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4 BENEFITS OF MOTION CONSTRAINING
FOR ROBUST NAVIGATION

The results presented Wfana et al(2019b)assessed threccuracyperformance of a loweost DF GNSS

+ IMU integration and its performance during a GNSS signal loss. The study proved that a TC algorithm
produces decimetdevel integration results and accuracy remains at the deciesegtke even when

there are only 3 ot satellites available for use in the navigation solution. However,idasurements

drift with time and need to be calibraecbmptly. As a continuation t¥ana et al(2019b)zero velocity
updatesZUPT), zero angular ratepdate (ZARU), land vehicle (LV) constraingd height constraints

are applied to assess if such mathematical/physical constraining benefitedo®F GNSS PPP +

MEMS IMU integration.The research discussed in this Chapteuiglished invana et al(2020)

ZUPT is applied in the Extended Kalman Filter (EKF), once the algorithm detects that the vehicle is
stopped. There are various ways to determine if the navigation system is stationary based on the
application. Non-holonomic constraints (NHC) or rtion constraints take advantage of physics
knowledge in regard to movement of a vehicle to calibrate the (@ildves 2013)NHC or motion
constraints also known &%/ constraints are based on thetftttat a vehicle does not skid or fly. The
erroneous estimations by the filter can be corrected based on physical knowledge. The d&t&ils of
ZARU, LV, and height constraining are explained in detaiSirkkarieh(2000, Shin et al.(2005,

Godha(2006, andAngrisano(2010)

Duong et al(2017)discuss the benefits of applyi@JPT on a lowcost GNSS and IMU integrated
system. Tie authors demonstrate that applying NHC 2d@T to a lowcost GNSS/IMU system brings

~70% improvement tthe position and velocity solution and 46% betterment to the yaw angle. Various
works such as&sodha and Cannaof2007), Cai et al.(2017h, Li et al. (2017a) and others also discuss
constraining the solution based on NHC and physical knowledge but do not involve PPP augmentation.

Research in GNSS PPP + IMU suchNas et al.(2012), Elsheikh et al(2018 and,Liu et al.(2018)
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discuss and explai@dUPT, LV constraints; howevertthey do not explain and quantifithe impact
constraining makes on the accuracycontinuity of the estimation/solution. In the current research
(Vana et al. 2020Q)detals of the constraining will be explained for a tightigupled (TC) architecture

and the impact of these constraints will be discus§kd objective of this research is to assess how
constraints help in improving the position, velocity, and attitude isol@ccuracy for a TC integrated
low-cost DF GNSS PPP + IMU system. The improvements contributed by constraining will be
quantified based on hardware and field tests conducted in this research work. The novelty in this research
comes from analyzing the irapt of constraining the user position solution while usingdost sensors
involving DF GNSS, augmented with PPP and a MEMS JMiich is a unique combination not

evaluatedy anyother publishedvork so far.

Many nextgeneration applications such as foast autonomous vehicles, locatibased services, low

cost augmented reality, robotics, etc. seek a high accuracy position solution ustuwstdvardware.

The accuracy requirement of such applications is at the deciteeéle(Bisnath et al. 2018b)
Constraining certain states in the estimation procedure can help in achieving delgwattaccuracy

using lowcost sensors, which is otherwise attained only by using expensive sensorsoBinaees

based solutions are usually more affordable than hardwergsoftwarebased enhancements such as
constraining the solution based on sensor knowledge help in reducing overall hardware expenses used
in a system. Since this work is targeted towasd-cost autonomous, UAVs, and otheassmarket

applications, the position accuracy requirement targeted is the deciewette

The hardware used for this part of the work axift®lav Piksi GNSS receiver, geodetic grade GPS1000
antenna and Inertial Se® uINS. The measurements from GN8&eiverareusedin DF uncombined

mode andusedwith the IMU using TOntegration.
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4.1 Zero velocity update andzero angular rate update

ZUPTs and ZARUs are performed when a vehicle is statiodoyever, the impact dARU/ZUPT

is more evident during partial/complete GNSS signal. I8&sce the navigation system uses MEMS

IMU, short periods of the stationary condition of the vehicle help in calibrating IMU errors. There are
various techniques to detdbt stationary mtion of the application for which the integrated system is
being used. Irthe case of land vehicles, the estimated horizontal velocity itself can be used with a
threshold to comparmgainst The threshold will depend on the quality of the IMU. Since a MEMIS

is used in this research work, 0.5 m/s is used as the threshold to detect if the vehicle is stationary
(Aggarwal et al. 20100.5 m/s has been chosen for the horizontal velocity threshold based on literature
(Aggarwal et al. 2010and experimentsThe method to deteetstationaryconditionvaries if used in

robotics or pedestrian navigati¢vienable 2009; Ramanandan et al. 2010)

Equatiors (4.1) and (4.2) represent the misclosure and design matrixZldPT, respectively(Groves

2013)
o I W (4.2)
O T O n i 1 s 42

The misclosure in Equatiof.1) is formedwith the assumption that when a stationary condition is
detected, then thestimated vehicle velocity should be zefFbe negative identity matrigntry for the
velocity state in the design matiiEquation(4.2)) is a result othe partial derivative of the misclosure

with respect to estimated velocidy state

Over atime interval Yo, if the IMU biagsarenot compensatefibr, the position solution drifts byo ,
which implies that when the vehicle is stationary, ¥h#city information is more accurate than the
position information. Thereforealibrating velocity computed by the IMU aids in attaining improved

state estimates, while stopped and during GNSS signal outages.
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Based on the application, ZARU can be applied in various contexts. However, fortmtmttivehicle,
it makes sense to appinly when it is stationary. ZARU can also be applied when the vehicle is moving,
but along one directiorheading The direction of movements needs to be detected. In this research,
ZARU is applied only when the vehicle is stationary. The attitude carect the EKF estimate can

be constrained by applying ZAR{Groves 2013asshown in Equation$4.3) and(4 .4).
a 0 (4.3
O m O 8 44

The measurement noise covariance for ZARU consisth@$tandard deviation due to vibrations and
disturbances when the vehicle is stationary or when a zero angular rate output is ¢@reut=si2013)

When the vehicle is stopped, the angular rate is theoretically expected to be zero. If the gyroscope
measures any nerero value, it iexpected to be thigias in the measurements. In other words, when

the vehicle is stopped, the gyroscope bias canli@aizdand adjusted.

4.2 Land vehicleconstraining

The calibration and estimation of IMU states depends on the GNSS states. To improve the accuracy in
estimating the IMU states during loss of GNSS signals, certain constraints can be imposed by
understandinghe type of application in which the GNSS PPP and MEMS IMU integration will be used.
Since this research is performed for an automotive application, vehicles do not move sideways or in a
vertical direction in the body frame. In other words, a car typiaagillynot skid to any great extent or

fly. Therefore, in the body frame, the y andxs velocities should practically be z¢Bukkarieh 2000;

Godha 2006; Groves 2013; Chiang et al. 201r8ther words, all axes perpendicular to the forward
motion will be zeroFigure4-1 shows the representation of the body frame on the vehicle. JhésX

is along the forward motion of the car, thaxs points downwards, and theayis completes the right

handed system.
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be

Figure4-1: Figure indicating body frame axes on a land vehicle

Equation(4.5) states that all velocities except the forward velocity should be zero.

w T T (45)

In order toapply the LV constraint, ECEF mechanized IMU velocity should be converted to body frame
velocity, which can be performed usikguation(4.6). w is the velocity in ECEF framand0 is the
directioncosinematrix (DCM) to convert the Earth frame to the body fraif@computed attitude is

first transformed from ECEF frame to log#vigation and then from localvigation frame to body
frame. However, for simplicitythe final DCM matrix is represented in Equati@®). The details of

the transformation is explained in subsecBdn 3

® 6o (4.56)

Adding perturbations tdcquation (4.6) gives Equation(4.7). O is the skew symmetric matrix of
misalignment error states. Simplifyifgjuation(4.7) results inEquation(4.8). Details of the derivation
can found inSukkarieh(2000, Godha(2006, Groves(2013 and,Chiang et al(2013) w® is the

skew symmetric matrix ab.

@ 'Td® 006 & 1o 4.7

T 61w 6 Ow- (4.8)

Measurement misclosure for the LV constraints is giveaguoation(4.9).
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Measurement noise fak should be assigned based on misalignment er®hsn 2001) LV
constraints equivalent to theZUPT is applied to only two axes. However, LV constraints can be

continuously applied during processing and not just when the vehicle is s{Gnoeds 2013)

4.3 Height constraining

For a landbased apptiation, while driving in aelatively flatregion, one does not expexvariation

larger than a few metr@s the topography of the road surface over short horizontal distances. Therefore,
in the case of an outage, a reference height can be used taicahstheight parameter in the estimation
process. Constraining one of the states in the estimation process helps in removing one unknown
parameteand aids in improving horizontal accuracy as well. Implementing such a d¢ohistraseful

in environmerd such as urban canyons, tunnels, etc., where the change in topography, as well as
available satellite measurements for the solution, are linf@ediha 2006; Angrisano 201 & in
Equation(4.10) is the misclosure for height constraining, which is the difference betiveesference

height andheheight computed from IMU mechanizationlocatnavigation(LLH) coordinate frame
o Q Q (4.10)

The measuremeiit Equation(4.10) is in localnavigation (LLH) coordinate frame while tlsystem
error states are in ECEF reference fraiffee measurement model needs to be derivecbbyputing
partial derivativeselatingto the geodetic and Cartesiaoordinategs shown in Equatiof@.11)Godha

(2006)

i 0 "QOE& i0£ %o (4.11)
i 0 MQoé i %
i O0p Q Qi Q¢
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In Equation(4.11)1 ,i andi are X, y and z Cartesian coordinatéss the latitude,_is the longitude
andQis theheight,0 is the Primevertical radius anis the eccentricityThe formula forN is given
in Equation(4.12)

O @rp QOE% (4.12)
In Equation(4.12) a is thesemimajor axisequivalent toE a r tmiean quatorial radius World

Geodetic Systeri984 (WGS 84frame.The design matrix foerror inCartesian coordinate z is given

by Equation(4.13) For simplicity,only z coordinate igiven in Equatior{4.13)

T 0110 (4.13)
O 6p QOBL O p Q Al% A% n OB

In Equation(4.13)1 is the error and A is given by Equati(hi14).

@Q O BAA | % (4.14)
P Q OE %o

The final design matrito apply the constraiig given by the inverse dfieH matrix in Equatior{4.13)

4.4 Case studies onmpact of using vehicle constraints

To evaluate the benefitdf the DF GNSS PPP + IMU integration by applying #éPT/ZARU, LV,

and heightonstraints, kinematic data were collected by driving around the York University campus in
Toronto, Canada. Thew-costsensors used were a SwiftNav Pik&iillti GNSS receiver and a NB
MEMS IMU from Inertial Sense. The SwiftNav Piksi is capable of @fierl cm level positioning
accuracy in RTK mode with two Pik&ulti receiverg SwiftNav 2012) ThePiksi-Multi providesmulti-
frequency and mulitonstellationdata The ulNS is a tactical gradelEMS IMU (Vector Nav Library

2008) The specifications of the uINSesummarized imable4-1. The ulNS also contairssuBlox SF
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GNSS receiver and magnetomefne antenna used for the rover was a geodetic grade affteoael

GPS100Qpas an extension {®/ana et al. 2019b)

The lase station was set up on campus at a known location using anothéviltksiith a GPS1000
geodetic antenna. The descriptiontloé setup used at the rovéhe car) is shown inFigure4-2. The

Piksi and ulNSwere placed in the car trunk and a geodetic antenna was placed on the car roof. Data
were collected on 17 June 2019 (DOY 169). The GNSS sampling rate was 5 Hz, whereas the IMU data
were collected at 100 Hz. Raw GNSS and MEMS IMU data collected wergnoeasssed using the

York PPP + IMU software.

Table4-1: Specifications of Inertial SensgNS MEMS IMU

Sensor IMU -Gyros IMU -Accels
Bias Repeatability <0.2°/sec <5 mg
In-Run Bias Stability < 10°/hr <40 g
Random Walk 0.15°M [ » 0.07 m/ist [ »

Figure4-3 is the track of data collected for kinematic testing. The vehicle was stationary for the first 4
minutes and then it was driven around the city. At the end of the track, the vehicle veasstdtr a

few more minutes. The yellow rectangular box on the track shows the area where there was an underpass
and the number of satellites available dropped to one for a few epochs. The reference solution is derived
fromNovAteld s | ner t i &ware By paspracessng the bade and rover files in RTK mode in

both forward and backward mode and then snexbth
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Swiftnav Piksi- SwiftNav geodetic

Multi receiver grade antenna
GPS1000

%{2 Inertial Sense uINS

-

Figure4-2: Rover equipment setup diagram with geodetic grade GNSS arftendal GPS1000nd
SwiftNav Piksi

Figure4-3: Track of the data collected using Pi#ksulti and uINS

Tests conducted aassessed for the performance of the algorithm with and without constr@hiRgd,

ZARU, LV, and height constraining)f the solutionWhen there is no GNSS signal outage, the GNSS
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PPP HMU algorithm performs with a horizontal accuracylaim andverticd accuracy o5 cm after

a 15minute convergence period.

Figure4-4 is the horizontal position solution of the data collected by-pastessing with the GNSS

PPP + IMU TC algorithm. The colour bar on the right siddé-igiure 4-4 represents the horizontal
accuracies along the track. It can be noticed that when the vehicle moved out of the parking lot, which
is in the right bottom corner, the accuracy is at the metre level and then the accuracy slowly reduces to
less thara decimete as the PPP GNSS + IMU solution converges. As highlighté&dgiare4-3, there

is a solution gap when the vehicle passes through the ws$eapd the accuracy also decreases to the

submetre level and gradualhgconverges again to the decimelegel.
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Figure4-4: Figure representing track with accuracies
4.4.1 Zero angular rate update

Applying ZARU aids in calibrating the yaw anglghenthe vehicle is stationarfigure 4-5 is the

heading estimate with and without ZARU constraint applidg: vehicle is stationary for the first four
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minutes and lagtvo minutes while waiting in the parking lot. It is evident that with no ZARU constraint
applied, the heading driftfhe maximum drifin the yaw angle when no constraints are applié8@.
After the constrainis applied, the maximum drift i55.1°over the initial stationary periodVhile there

is no GNSS signal outage, the positiomd velocityaccurag remairsat 01 m and 0.1 1fs, respectively

When ZARU was not applied in the initial period while the car was parked in the open sky parking lot,
the rms of the yaw angle was 113 After applyingthe ZARU constraint, the rms erravasreduced
dramatically to 1524 Therefore, by applying ZARU on the DF GNSS PPP + IMU algorithm, there is

an 86% improvement in the heading estimatioms for the data processddliong et al(2017)claim a

46% improvement in heading after applying ZARThe improvement in attitude solution helps in
calibrating the gyroscope measuremeAfshough lowcost equipment has been used in theenirr
research, PPP augmentation and appropriate measurement weighting has made a positive impact on the

solution accuracy.
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Figure4-5: Plot of yaw angle before and after applying ZARU
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4.4.2 ZUPT and LV constraining

A 30 seconds partial GNSS signal outage is simulatied 1200 seconds in the dateassess how the
horizontal and vertical solution performs while the vehiclestationary The partial signal outage
simulated in thigart of the wek is implementedby excludingmeasurementfr processingluring
postprocessingWhile there is a GNSS signal loss, there are not enough measurements to compute all
the unknown states. Therefore, the accuracy with which the statesl@rkated specially IMU states,

will sufferbecause IMU states nerdquentcalibration from another sensor such as GN38ing the
simulated partial signal loss, the performance of the solution withfonlyas well aghreesatellites

was testedrigure4-6 shows a comparison of horizontal position error when: 1) there is no GNSS signal
loss; 2) when there is a signal loss (otllyeesatellites are available) bdlJPT constraints are not
applied; 3) when there is a signal loss &WPT constraints are apptiewhile there were onlfour
satellites available; and 4) when there is a signal losgdRI constraints are applied while there were

only threesatellites availabld-igure 4-7 gives statistics of the horizontal/vertical position rms during

the signal outage period. During the signal loss, if no constraining is applied, the horizontal rms spikes
to 1.4 m when there are only three satellites avail@mbb®mpute the position solution. Whereas, when
ZUPT constraining is applied during the signal loss, the rms remains at the dedawelr@1 cm when

there ardhreesatellites available and 15 cm whienir satellites are available to compute the sotutio
Therefore, for this particular test, applyid® PT makes the solution 10 times better by reducing the
metrelevel error to the decimetdevel. Results show that applying constraints helps the integrated
solution behave as per requiremefuscimetrelevel) in GNSS denied environment with aid from an

IMU.
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Figure4-6: Plot of horizontal error with GNSS signal loss with constraining and without constraining

It is also interesting to note that, after the outage, the solution does not immediately revert to the pre
outage level of accuracy. An EKF depends on the information from the previous epoch to conduct the
prediction portion of the filter. Therefore,-cenvergence depends on the geometry of the available
satellites andhecovariances of the states during the outage. Convergence after the outage also depends
on the number of satellites that were available during the signal olitagstatistics for the fdtion in

Figure 4-6 is given inFigure 4-7, including the horizontal and vertical accuracies from differen
scenarios. When compared teeunstraining, applyingUPT to the solution demonstrates an&5%
improvement in the horizontal and -83% betterment in the verticalepending on the number of

satellites available during the outage.
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Figure4-7: Comparison of horizontal and vertical rms in different scenarios

LV constraining is tested by choosing a portion of the data when the vehicle is stationary for some time
and then moves. The impact on a@ty estimation by applying LV constraints was examined by
introducinga 3Gsecond GNSS signal outage after 1500 seconds of data collEmace 4-8 is a
horizontal velocity estimation plot during the period of partial GNSS signal Tedde 4-2 shows a
summary of the velocity estimation accuracy in different scenarios. During the signal loss, there were
only four satellites available. It can be seen that horizontal velocity has the most impact when there is a

signal loss.

By applyirg the LV constraint during the signal loss, the horizontal velocity rms is 12 cm/sec and when
there is no signal loss, the velocity accuracy is 11 cm/sec. Therefore, this test proves that the velocity

estimate duringsignal loss is comparable to whenrthies no GNSS signal loss. Teandard deviation
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of measurementonsidered in this experiment is 0.03 m/sec. It is chosen based on the heading accuracy

the IMU can attain.
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Figure4-8:2D velocity error comparison whefUPT and LV constraints are applied

Table4-2: rms values for position and velocity with and with@wPT and LV constraining

Horizontal velocity rms [cm/s] 12 21 11

Vertical velocity rms [cm/s] 20 21 20

4.4.3 Height constraining

The impact of imposingpeightconstraining on the position solution is assessed in this section. After
1200 seconds in the data collection, as@@ond data outage with only & well as only 3 visible
satellites weréntroduced The partial signal outage simulated in this part of the work is implemented
by excluding measurements for processing during-pastessing.Constraining height not only helps

in improving the vertical position solution but also in the horizontal soluigure4-9 andFigure4-10
illustratethe horizontal and vertical errors whén GNSS signal loss was simulated and there was no

height constraining imposed in the soluti@),when GNSS signal loss was simulated and height
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constraining was imposed (whémreeand four satellites were available), ar@) when there was no
simulated signal loss. The position solution with no constraints applied during the simulated outage has

only threesatellites available.
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Figure4-9:Horizontal error comparing with and without height constraining
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Figure4-10: Vertical error comparing with and without height constraining

When height constraining is not imposed during GNSS signal loss on the solution, the maximum
horizontal drift in the solution is 3 m (when only three satellites are available for the estimator). When
the constraint isipplied it remains at the decimettevel in boththreeandfour satellites availability

cases. In the case of vertical error, when the height constraint is not used during the GNSS signal outage,
the maximum vertical position drift is 7.5 m, whereas when the height constraint is apjiéchiied

to asubmetre level.

Figure4-11 summarizes rms of the behaviairthe DF GNSS PPP + IMU solution during the GNSS
signal loss with and without height constraint being imposed. Both horizontal and vertical rms remains
at the decimetre level while the height constraint is applied. When a simulated signal outaget@ds crea
the algorithm performs very well, producing a positioning accuracy of 19 cm in horizontal and 30 cm
in vertical, when onlyhreesatellites were available for position computation. Wioem satellites were
available to compute the position solutitne algorithm performs at a horizontal accuracy of 15 cm and

20 cm in the vertical direction. These results prove that, for this dataset, using a vertical component
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constraining definitely improves both the horizontal and vertical solution accuracy aps thee

solution within the expected and required accuracy levels.
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Figure4-11: Comparison of horizontal and vertical rms in different scenarios
FromFigure4-11, when height constraint is applied, the rms improves by 87% and 89% in horizontal
when three satellites and four satellites are availab$pectively, compared to when no constraining is
applied. In the vertical direction, the improvement is around 90% in thogte and four satellites

availability cases compared to the solution with no constraining.

The measurement noise chosen in thiseerpent is 0.2 m. This value was chosen because the outage
occurred when the car was moving in a straight line on a relatively flat path and the duration of the
outage is also small. The standard deviation needs to be chosen based on the land profiédiamd d

of expected GNSS signal loss.

4.4.4 All constraints

The above sections explain the effect and result of applying each of these constraints individually on the
navigation solution. In thisutsection, the benefits of applying all constraints during a simulated outage

is examinedFigure4-12 presentshe horizontal and vertical position solution errors when compared to
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the solution that is not constrained during a GNSS signal outage and when there iIS8ciGNl

outage at all. The constraints applied to the solution aréWRd, ZARU, LV, and height constraints.

During the simulated partial GNSS signal outage, two scenarios were tested: 1) three satellites available
during the outage and 2) four sateli available during the outage. The position solution with no

constraints applied during the simulated outage hadthrdgsatellites available.

Figure4-13 showsthe rms comparison of the various scenarios tested for evaluating the solution when
all the constraints were applied. Applying all the constraints when there is a signal outage shows a

significant improvement in the solution when compared to the unconstrained solution.
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Figure4-12: Horizontal and vertical error comparing with and without all constraints a applied

From Figure 4-13, the horizontal solution exhibits 89% improvemenhen all three constraints are
applied to the solution when compared tecomstraining on the solution during a GNSS signal outage.
In terms ofthe vertical solution, applying all constraints attains 93% betterment compared to the
solution without any constraining. When the constraitd®T, ZARU, LV, and height constraints are
applied together, the solution changes from mletvel to decimetrdevel accuracy. It has been
observed that adding a height constraint to the solution that is already constrain2d WIZARU

and LV constraints does not bringsignificantimprovementn the solution accuracy, as the velocity

and attitude are alreadpmrected for by th& UPT/ZARU and LV constraining. The same conclusion
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was drawn in the research conducteddoylha and Canndi2007) However, decimetrevel accuracy
improvement is noticed in the vertical direction when all constraints are applied to the solution compared
to each individuatonstraint. This observation is especially valid when there aretordgsatellites

available for the position estimation.
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Figure4-13: Comparison of horizontal and vertical rms in differee¢narios when all constraints are
applied

4.5 Summary

In this research, the prominence of applying vehuabtion constraints on a leaost, DF GNSS PPP +

IMU algorithmis assessed and quantified. Typically, software algorithms come at a cheaper price than
hardware. Using a loveost GNSS receiver with PPP processing (that does not need any additional local
infrastructure), integrated with a legost MEMS IMU, can be put to best use by applying constraints
such asZUPT, ZARU, LV constraintand height constrats. Due to irbuilt biases in a MEMS IMU,

some norzero acceleration and angular rate measurements are observed by the sensor while at rest.
Constraining this behaviour based on physical facts makes the integrated solution less noisy and
divergent. Applyng such constraints is most helpful when there is a partial or complete GNSS signal

loss, as there would be less measurement redundancy in the epoch estimation. To evaluate the impact

68



thatZUPT, ZARU, LV, and height constraining can bring to DF GNSS PR®#U; low-cost SwiftNav

Piksi multtGNSS receivergeodetic antenna GPS100BwiftNav), and Inertial Sense uINBIEMS

IMU were used in the experiments. Experiments were conducted in an urban environment by driving in
a car for ~40 minutes. The conclusions presented in this work are based on the hardware and fieldwork
conducted. Further evaluation and analysis méllperformed to assess the algorithm further by using
additional data and different hardware. The following research questions have been considered and

addressed.
What are the benefits applyingZARUto low-cost DFGNSSPPP+IMU integration?

Based on th@hysics when a vehicle is stationaoyie would expect thgyroscopgo measurd turn

rates. However, due tthepresence of bias errors, this is not the cisene test conducted, the vehicle
was stationary for approximately 4 minutes and the yaw angle drifted by 180°. After applying the ZARU
constraint, yaw drift drastically reduced to 15.1°. As heading is an integral part of vehicle navigation, it

needs to b estimatedvith greater accuracy. The rms error was reduced by 86%.
What are the benefits applyingZUPT/LV constrainingo low-cost DF GNSS PPP + IMU integration?

ZUPTand LV constraining can be considered as the same topic, as vehicle constraining is continuously
applied to reject Awrongo (physically meaningl ess
ZUPT is applied only when the vehicle is stationaagpne would expect the accelerometer Z axis to

measure gravity as 9.81 rh@gd gyroscopeto measure 0 turn rateHowever, due to the presence of

bias errors, this is not the cagepplying ZUPT constraining during 30 seconds of simulated GNSS

signal outage, significantly improved the horizontal position l88% and 893% inthe vertical

direction compared tthe no-constraining solution. Applying LV constraining, the velocity accuracy

improved from 0.2 m/s to 0.1 m/s. This magnitude of improvement in position and velocity state
estimates represents an enormous impact irclost sensor integration given the performance quality

of such hardware. Work conducted byong et al(2017)indicates ~70% improvement in position
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solution when compared to &89% improvement with current work where PPP aegtation is used.

ZUPT makes the solution 10 times better when the constraint is applied comparecbigstraining.

What are the benefits applyingheight constrainindo low-cost DF GNSS PPP + IMU integration?

From the results of specific roddsts, vertical component constraining not only improves vertical
accuracy but horizontal accuracy as well. By imposing vertical component constraining, both the
horizontal and vertical accuracies remain at the decir®tet, as opposed to metievel accuracy with

no such constraining.

Does applying all constraints to leaost DF GNSS PPP + IMU integration help in improving the

solution accuracy?

During a partial GNSS outage, whedPT, ZARU, and LV constraints are applied, there is a significant
posiive impact on the position solution accuracy as explained in the previous inferences. When height
constraining is also applied whil2JPT, ZARU and LV constraints are already functioning, there is no
significant further improvement observed in the horiabpbsitioning solution whereas, a decimetre

level betterment was noticed in the vertical solution.

Novel research contributisnthrough this workare assessing and quantifying the influence of
constraining the solution based on physics and minimizingeffext of physically meaningless
measurements from contaminating the estimation process. Constraining the solution for a DF GNSS
PPP + IMU has been discussed in other paftdsheikh et al. 2018 iu et al. 2018) however these

papers onhdiscusghe efficiency of the entire algorithm and do not focus on the benefits the algorithm
gains just due to constraininGodha and Cannof2007)also discuss the improvements achieved by
using constraining on the solutidout the positioning method used is DGPS (Differential GPS) which
requiresadditional infrastructure. The PPP technique used in this paper is a standalone technique with

no additional infrastructure investment involved.
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Applying mathematical/physical constraints on the-tmgt hardware: GNSS and IMU in the integrated
solutionimproves the solution from metréevel accuracies to decimetievel accuracy during a partial
GNSS signal loss. Modern applications such asdogt autonomous, augmented reality, robotics etc.
that require decimetrievel accuracies can potentially fittte DF GNSS PPP + IMU integrated solution

with constraining most useful instead of investing in more expensive hardware.

With the introduction of TF lowcost GNSS receivers in the matkn the next chaptef,F GNSS PPP
+ IMU solution accuracy iassessd inthe opensky as well asn simulatedoutages environment.o
furtherlower the cost of the hardware multi-frequency sensitive patch antenaadindustriatgrade
MEMS IMU are usedln an attempt to meet the decimelegel accuracy demandy nextgeneration
applicatiors, motion constraints discussed in the current chegutddC for GNSS measurements are

applied.
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5 PERFORMANCE OF LOW -COST SENSORS IN
SIMULATED URBAN ENVIRONMENT

In the previouhapter, lowcost DF GNSS receiver and tacticedde MEMs IMUmeasurements were
fusedto examine the accuracy performance and the vehicle motion constrdmnegenttimes low-
cost TF GNSS receive@ppearingn the marketmark a new beginningpr achievingaccurate and
precise positioning using leeost hardwareln this Chapter, lonwcost hardware including TF GNSS
receiver, patch antenna amdlustrialgradeMEMS IMU are usedo further lower the hardware costs
The performance accuracy of the lowost hartvare and software constraining (including motion
constraining and ICare analyzed itheopensky and by introducing simulated outagdevel research
contributionin this section comefrom the distinctive combination of thiew-cost hardware and
software constrainingsed to adleve decimetrdevel accuracyThe research discussed in this Chapter
is published in(Vana et al. 2019b; Vana and Bisnath 2020; Vana 2021; Vana and Bisnath TA¥®3)
TC integrationand, ICbackground areliscussed in Chapt& while vehicle motion constrainings

described in Chapte.

Field tests were conducted by collecting kinematic data in the vicinity of the York University main
campus in Toronto, Canada. The GN8€&eiveraused in the setup are the Septentrio Meg8IGNSS
modulei multi-band, multiconstellation, and triple frequency. The MEMS IMU used is the XSens
MTi-7, which consists of an SFhlox GNSS receiver, magnetometer, and a MEMS IMU. The
specifications of the XSens MTi are provided inrable5-1. Based on these specifications and the
specifications irVectorNav (2021)one can considéhe XSens MTi7 IMU to be an industriatgrade

MEMS IMU. The antenna used in the setup is a tfij@dad patch antenna from Tallysman TW2Z97
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The patch antenna is capablesehsingGPS L1/L2/L5, GLONASS G1/G2/G3, Galileo E1/E5/E6, and

BeiDou B1/B2 signals and has a good multipath rejection capacity.

Table5-1: Specifications of XSens MT{

Operating Range +/-2000°/sec +/-16 g
g-sensitivity 0.007°/seclg -
In-Run Bias Stability < 10°/hr 30 €9
Non-linearity 0.1%FS 05%FS
Noise Density 0.007°/sVOu 120 1eg /

Figure5-1is a pictorial representation of the setup used for the data collection. The Moseid M Tt

7 were placed on the car roof rack alongwtite Tallysman TW7972 antenna. In order to hapes&
processed RTK reference solution, a base station and a rover were set up using NovAtel PwrPak7 SPAN
(enclosure includingNovAtel OEM7 receiver and Epson IMU with low measurement noise) receiver
conneted to a NovAtel NOWB50 geodetic antenna. The base station waspsat a known location,

while the rover high precision system was set up on the car roof beside ttedbsensors. The
frequency of GNSS data collected is 5 Hz and 100 Hz for the IMig.raw GNSS and MEMS IMU

data are pogprocessed with the YorRPP+IMU software.
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Figure5-1: Pictorial representation of data collection setup in the vehicle and at the base stat
The experiment set up @he car roof is shown iRigure5-2. The box on the car roof rack contains the
low-cost sensors as well as the NovAtel PwrPak7 SPAN (an enclosurdimgchiovAtel OEM7

receiver and Epson IMU with low measurement noise).

The geodetic antenna for rover reference, as well as thedstypatch antenna, are placed on top of the
box. The lever arm between the antenna and the IMU is measured accuratelyei@atallected on
January 02, 2021, DOY 002. Constellations used for processing are GPS, GLONASS, Galileo, and
BeiDou. An elevation mask angle of 10° and German research centre for Geosciences (GFZ) rapid
satellite correction productsfty:/ftp.gfz-potsdam.de/GNSS/products/myekave been used for
processing. Rapid PPP products include satellite orbits and clock data published with a latency of one

day.
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Figure5-2: Rover experiment setup on car roof

Data collection was performed for about 40 minutes on surface roads and highways with some
occasional stops at traffic signals in a suburban environment. Thaaidetween the base station and
rover was maintained at less than 6 kigure5-3s hows t he vehicle track. Nov.

software wasised to posprocess the data in RTK smoothed mode to provide a reference solution.

Figure5-3: Track of the collected data on Jan 02, 2021, near York University, Tofsmada
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5.1 Multi -frequency GNSS PPP and MEMS IMU performancé no

outages

Using the data collected on Jan 2, 2021, DF and TF GNSS PPP with MEMS integration has been
assessed. First, the integrated solution with sindleat, and triplefrequency PPP + IMU performance

in the open sky is analysed and in the following sectior,dbcuracy performance of TF PPP + IMU

with introduced outages has been examined. The horizontal error plots comparing DF PPP + IMU and
TF PPP + IMU with and without IC are shownkigure5-4. The convergence threshold assumed in

this case is the time taken for the horizontal rms to reach an accuracy of Iheroonvergence
threshold of 10 cm is chosen based on the target applicapecsficationunder consideration ithis

researchThe ar was stationary for the initial 15 mins and then started moving.

Figure5-4: Horizontal rms plot of DF GNSS PPP+ IMU and TF PPP +IMU

Table5-2 summarizes the horizontal rms of the various integrated solutions under investigation. The
benefit of IC is a reduction in the initial rmshieth the DF and TF PPP integrated with IMU. The total

rms of DF PPP + IMU and TF PPP +IMU with and without IC are different only by a few cm. However,
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