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Abstract

With the availability ofraw GNSScode andcarrierphase measurements from dfralquency
chips in smartphone®recise Point Positioning (PP&n be usetb improve the accuracy of the

positioning solution offeredy them,without any additional reference infrastructure.

In realistic applicatiosin suburbarand urban environmentgjth the smarphone in hand or on
the dashboard of a gahere arenumerous challengesith smartphone datauch as missing
measurements, poor multipath suppression and low and irregarta@rto-noisedensity ratio
The measurerarts are analysed and conditioned preprocessedy implementing a prediction
technique for filling in data gaps an@CéNo-based ®chastic model for assigning realistigriori
weights to themeasurements the PPP processing engine. Finally, trestprocessedPPP
solution accuracy and availability Vebeen compared with the positioning solution obtained from
other GNSS positidng techniquesAfter conditioning,the smartphone PPP positioning solution

is seen to have nearly 100% solution availability and 50% more accuracy.
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Chapter 1 Introduction to GNSS and PPP

Global Navigation Satellite SysterflGNSS)is a framework of multiple satellite constellatiafs
different countries to provide positioning ability. Variaylebalsatellite navigation constellations

are in existence including GPS, GLONASS, BeiDou and Gadifebregional constellations such

as QZSS and NAVIQMioreover a number of point and relatpesitioning algorithms are used to
generate positiorusing a method called triangulation which relies on distance between a
minimum of four satellites and the receiver to generate the three dimensional positioning
coordinates and the receiver clockoeriThis chapter describes ttigferent GNSS constellations,
positioning techniques and thdiscusseshe problem statement and the research objectives and

contribution.

1.1 GNSS Constellations and'ypesof Positioning

GPS was created by the U.S. Depanitnof Defense (DoD) and was originally operated with 24
satellites. It became fully operational in 1994. Each GPS satellite continuously transmits a
microwave radio signal composed of carrier, multiple code (with different precisionCéR,

C1C, C1L,C1Ww, C1M) and a navigation message. Each GPS satellite emits a different Pseudo
Random Noise (PRN) codkatapplies the code division multiple access (CDMA) princ{ike
Rabbany 2002) There are currently three signals being transmitted at three diffeeguencies,

L1, L2 and L5- of whichcertainsmartphones track the L1 and L5 signal



GLONASS is a radidbased satellite navigation system operated for the Russian government by
the Russian Aerospace DetenForce. Itis independent of5PS and currdly has a global
coverage of 24 satellites with signals at two frequer(tiegnd L2) Smartphones currently track

only the L1 signal. GALILEO has been realised by the European Commission (EC) and European
Space Agency (ESA). As wiioh Ische@d Bllows @A ICDMAE OO0 s
principle They are currently 24 satellites in operation with signals at three frequelicie€5

and E6, with E5 being stttivided into E5a and E5(European Space Agency 20Q1&ertain
smartphones track the E1 and &§nals for this constellation. The Chinese governtm@&#iDou
navigation satellite systeourrently consists of five Geostationary Earth Orbit (GEO) and thirty
Medium Earth Orbit (MEO) satellites transmitting on various ranges of carrier frequenb&s. It

35 satellites in orbitwith signalsin the B1, B2 and B3 frequencyThoelert et al. 2013)Some
smartphones currently track only tlBd signal QZSS (Quaskenith Satellite System) operated

by the Japan Aerospace Exploration Agency (JAXA) and Indian Regionagewi Satellite
System(IRNSS operated by the Indian Space Research Organisation (ISRO) are two Regional
Navigation Satellite Systemssedto enhance the positioning solution available from the existing

constellations in the Asi®ceania region.

A recaver utilizes these timéagged signals to determine the range to each GPS satellite in view
by measuring signal travel time, which is then multiplied by the speed of light to estimate range.
Since the satellite clocks and the receiver clocks are not ®meed, the term pseudorange is
used to refer to the codmsed range measuremenmhichis the uncorrected distance between the
receiver and the satellifelofmannWellenhof et al., 2001)he other form of measurement is the

carrierphase measurememthich is the numbeof carrier gcles a signal travels from the satellite



to the receiverThe carriefphasemeasurement is much more precise than the code measurements
as it islessaffected by different errosuch asnultipath buts ambiguous since the exact phase at

which it started transmitting is unknown.

SeveralGNSSpositioning techniques such as Single Point Positio(®®RP) relativetechniques

such asRealTime Kinemati¢ (RTK), and Precise Point Positionif@PP)have beerused to
generate positioning solutions. The Single Point Positioning solistiblemost basic and widely

used positioning technigult uses the code measurements from @®&adcast orbit and clock
products anabthererror corrections to generate awg@n with a metrdevel accuracyRelative
positioningis a technique that uses a base station with known coordinates to estimate the location
of an unknown receiveWith the growing need for accuracy, sevedhtivetechniques such as
DGPS (Differertial Global Positioning SystemiRTK, andnetwork RTK were developed which
require areference GNSStation and a baseline rangesbbrterthan 20 netresto transmit error
corrections and obtain precise positioning solutionse RAK technique makes use of the
ambiguous buprecise carriephase measurements along with the noisy code measurements. PPP
is a stanehlone positioning technique that is based on standard, sewgever, single or dual
frequency point positioning using psirange (code) measurements and precise but ambiguous
carrierphase measurementdetre-level satellite broadcast orbit and clock informaigreplaced

with centimete-level precise orbit and clock information, along with additional error htiade
Numerous PPP positioning engines have been developed over the years, demonstrating few
centimetrelevel accuracies in both static and kinematic m@gteuba and Héroux 2001; Bisnath

and Gao 2009; Landau et al. 2009; Banville 2014; Aggrey 2015; Laurichesse and Blot 2016)



Initially, techniques such aBRTK and PPPwere employed for higlquality surveying and
positionng applications using geodetiwiality equipment. With the shift towards masarket
applicationsthat focus onlow-cost and lowquality receiversfor different purposes such as
autonomous navigation and precision agriculture, such technageelseingcusomised to be
employed on these receivelMoreover, with the advent of augmented realitgivigationbased
games tourism and bicycle rental apipations contact tracing, efcthere has been an

unprecedentedushto improve the positioning accuracy oterby smartphones.

1.2 Overview of Smartphone GNSSPositioning

Today GNS$Sbased positioning in smartphones is a necessitysamsed in daily activities such

as autonotiveandpersonal navigation and gaming. Smartphones have become ubigi@tizes

that fulfil a large variety of purposes and hence, there is the need for smartphones to be equipped
with extremely accurate positioning capability. Smartphamgainextremely lowcost GNSS

chip receivers withlow-cost antennasthat are mostly, mgle-frequency GPS L1 receivers.
Smartphones have been providing locations based on a combination afl@B8ebasedSPP

solution aided by measurements from iaternal Inertial MeasurementJnit (IMU) such as
accelermneters, magnetometrs and gyroscopeand cell tower information. The accuracy of such

a technique is at the metre or terignetres level with drifts in cases of signal loss from either
satellite or cell towersAlso, the positioning accuracy offered by the smartphone is subjés
manufacturerBenefon launched the firstGRSn a bl ed per sonal mobil e ph

E s cin 1699.(Ketola 1999Massarweh et al. 2020y wasacommercial navigation deviaehich



was capable of tracking up to 12 satellites, by using a twedvallelreceiver continuously

tracking GPS signal (Massarweh et al. 2020).

In 2018, duafrequency muliGNSS chips made their way into smartphones. Since the advent of
Android N phones, both carrier and pseudorange measurements were made available to the public.
Themeasurementsan be logged and processed to calculeteeceived position using different

techniques such &PR RTK and PPP, to name a few.

There has been considerable researctanalysing the quality of the solution obtained by
techniques such as RTK andAPBNd to identify them as potential replacements of the existing
positioning technique being used in smartphowbgch have been summarised Bwaziewski
(2020)and are also described in Section 2.2RAK allows users to obtain fewentimetrelevel
positioning but increase the infrastructure cost of setting up a network of base stations to provide
corrections.Being stanehlone, portable and ubiquitous devices, PPP seems a potential candidate

to replace the existing methkevel SPP solution

The challenges of implementing PPP in smartpha@aresnumerousand hencethis research
focuseson analysing and addressing some of these is3iesresearch on smartphone GNSS
measurements from duftbquency receiver chips is relatively new angreat deabf analysis
must beperformedto understand the quality ofieasurements arttie variousmetiics such as
carrierto-noisedensity ratiop multipath, measurement noisenissing measurements and cycle

slips.



1.3 Problem Statement and Research Objeates

With duaklrequency muliGNSS tracking chips making their way into smartphones in 2018,
researchers from all over the world have started analysing the positioning capability provided by
smartphones using differenteasurement processitechniques such as RTK and PPP. Current
research has shown that existing PPP processing softdesgned for higitost geodetic
receiversis not ideally suited for smartphones that have their limitations when it comes to antenna
and receiver quality, kich effectively impacts the quality of the received measurements.
Smartphones come with their shortcomings sucHiresrly polarisedantennaswhich is a
limitation on the hardware pagndbugs in theapplications to log these measuremewtsich is

a limitation on the softwareThe inability of the antenna to distinguish between incoming and
reflected signals and supprdbss multipath impacts the quality of the measurement collected
(Humphreys et al. 2016; Robustelli et al. 2019; Guo et al. 20P¢ operationairregularity of

these various applications on different kinds of smartphones with different Andn@idns is a
challenging task since ¢Hogged dat@asproblems such as incorrembservation fildormatand
wrongly computedneasurementsn the GNSS research on smartphones, there is also a limited
understanding of the equipment biases which introduce varying magnitudes of observable erro

due to each receiv@ntenna combination in different smartphones.

Currently, elevatiorbasedweightingis considered suitable to sup@ypriori weightingto code
and carrieqphase measurements from existing kagiality geodetic equipmeiiPaziewski et al.
2019; Banville et al. 2019levationbasedveightingis not suiiblefor smartphones since signals
from higher elevation angles also suffer from multipaétause e smartphoneantennasare

unable to distinguish between incoming and reflected signals due to their linearly polarised
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antennasThe measurement noise and dahility of measurements is closely related to @ibslo
value, rather than the elevation angle. Hentés crucial to shift to aC/No-baseda priori

measuremenweightingstrategy

Suburbarenvironments which are the prime focus of this reseatubh ae characterised bg
medium density of tall structures such a buildings and trédsltipath affects the GNSS
measurements, especially time realistic usage of the smartphonesuburbanand dense urban
environments. Inot corrected fqre.g., by modeihg, it affects the positioning solutiont is
necessary to model this err@ne way to dsois to include the code multipanmd C/No as a
parametedetermining thea priori weighting factor of the code and cardphase measurements
from different satellites. Currently, there is no standard model for generatipgridraetervalues

used forC/No-baseda priori weightingof the code and carrigthase measurements.

Low-cost antennand various software applications logging data in Android phonesais®e
limitations. The frequent cycle slips and phase loss of lock coupled with missing raw
measurements in the logged data pose problems in the PPP processing. Multiple satéititesrejec

in these cases lead to no solution over several epbds applications require a continuous
solution,where a lesshanaccurate solution is always better than no solution affatthniques

such as prediction of missing measurements over shaatials is a definite solution to this
problem. Prediction of measurements requires testing different techniques such as extrapolation,

and carrieDoppler estimation techniques to come up with a model with the least prediction error.

Therefore, he objectives of this research is smldresshe following questions



1) How do parameters such as g/Multipath, measurement noise, cycle slips and data gaps
vary with respect to each othenvironmentind data collection scena?io

2) How will a prediction technige impact the availability and accuracy ofkiaematic
positioning solutionn a suburbarmedium multipatrenvironment?

3) How will a C/No-based stochastic modelling technique impact accuradheofstatic
positioning solutiorand improve the availability and accuracy of a kinematic positioning
solution in aow to medium multipath environment

4) How does the PPP solution compaveh the internal positioning solution and other

positioning solutions such as BBnd RTKin different environment®

1.4 Research Contributions and Significance

Fudled by the increasing use and demand for positichagged apps in smartphones and the
development of lowost duaklrequency multi-GNSS tracking chips and antennas in
smartphones, this rearchfocuseson contributing to the overall increased need for higher
positioning accuracy in smartphon€allenged by the limitations of these lawst receivers and
antennas, this researfiituseson a fewkey aspects related to the analysing and @@rdng the
guality of the measuremerasd customising the quality checks in the existing PPP software, to
make it suitable for GNSS measurements from smartph@wslitioning measurements is a
techniquehat prepares raw data for fluetr processing bgnsuring consistency and continuatyd

ensuregherejection ofnoisy and missing data.



Most research about smartphone positioning has been limited to-Bemlency timebased
filtering techniquesiHatchfiltering, SPP, RTKand in some cases PPP. There has been little work
with regards toa deeper understanding of the quality of the measurements in different
environments. Most data collection and testingeltaeen limited to static opesky environments

with little or no sighal blockages and low multipath. However, the realistic usage of smartphones
lies in medium to highobstruction in outdoor enviroments with the phone in hand or on the
dashboard o& car Such usage brings with it numerous challenges and limitations,cominéch

have been analysed and addressed in this research.

The primary significance of this work lies in data collection and processing in realistic
environments using mannequins and phone holders to mimilifeeasage. To deal with the high
multipath, low and irregulacarrierto-noisedensity ratio a new measuremewnteighting model

has been devised thabnsiders these factoedong with the chippingength or wavelength.
Several researche have mentioned the usedaarrierto-noisedensityratio-basedweightingfor
smartphonesbut no conclusive comparison with existing techniques has been elaborated on

(Langley 1996; Banville etl. 2019)

Collecting data in realistic environments using different phones and applications has brought up
issues such as missing measurements and incorrectly logged measurenmepimbEm of
missing measurementgsnot found mention irany current research publicatiomhe tesing of

several different prediction techniques, such as by estimating carrier Doppler measurements using
existing logged Doppler measurements to settle on a linear extrapolator for it predictsewit

least amount of error, is extremely significahtis prediction techniqueould potentially make



reattime usage of smartphotased PPP processing possible in difficult or medium multipath
environments where frequent phdsssof-lock due to the lteap antenna can be a challenge.
Lastly, estimating the prt and postfit residual checks, thearrierto-noisedensity ratioand
elevation cuoffs are some important qualigpntrol parametes, which if not set correctlyyill

affect the positioningdution accuracy andvailability.

PPP processing will only be considered an ideal replacement to the existings&8edternal
solution provided by smartphones ifjivesa more continuous aratcurateositioning solution.
Thefour major contributios that make this research significantl novehbre:
1. In-depth analysis of GNSS measurements from smartphones collected in different
multipathenvironments
2. Developnmentandimplementation ofr stochastienodelthat usesC/No and multipath to
weigh the meagements
3. Filling in missingcode and carrigphasemeasurementsith a prediction technique
4. Testing of the accuracy of the positioning solutieith the SPP, RTK andnternal
positioning solution in realistic environments t@ssess thepositioning solution for
smartphone applicationis reatlife applications.
As a result of completing the above objectives, the followairggtheoutcomesexpected
1. A deeper understanding of the quality of smarthGNSS measurementm different
multipath environments and data collection scenarios
2. Increased positional accuracy with regards to static and kinematic positioning using

smartphones than the exiting internal solution provided
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3. Near continuousind more ecurate positioning solution in smartphone data collected in
realistic environments witlow to medium multipath and signal blockages.

4. A framework ready for future redilme implementation of PPP in smartphones

15 Thesis Outline

Chapter 2 dealwith the background work of this reseaicbluding abrief discussion fothe types

of positioning and the history of positioning in smartphones. There is context on the introduction
of duakrequency multi-GNSS chips in smartphones and the ability to access raw measurements.
Ongoing research and analysis on PPP processsmyastphone measurements including different
kinds of analysis and pigrocessingarediscussedAn insight intodifferent research publications
based orthe quality of measurements from smartphohéstpry of positioning in smartphones,
evolution of GNSSchips and antenna types and errors affecting GNSS measureanents

discussed.

Chapter Jocuseson details regarding the hardware equipment, types of smartphones and their
GNSS tracking capabilities and data logging applications. The standard PPP pgoeessiique

is discussed along with an overview of the York University PPP processing software used for the
processingThere isanin-depth insight into the quality of measurements from smartphsares
ascarrierto-noisedensity ratio multipath, datagyaps quality control customizations and various
pre-processing, posgtrocessing and filtering techniques applied on the data before the PPP

software generates a solution.
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Chapter 4 deals witthe data gap analysiandforms thecore ofthe research as firesents the
research on the prediction of measurements in realistic environments. Various prediction
techniques and dataset Asbeen tested for validating the necessity and implementation of the

model.

Chapter 5 focuses on the design and implementadf a realistic stochastic model for the
measurements. It compardise positioning accurgcobtained usingdifferent measurement
weightingmethodsPreand posfpredictionand stochastic model implementatswiutions have
been qualitatively and quantitatively compar€he positioning solution and residuals have been

analysed for different datasets after the conditioning and customization.

Chapter 6 compares tiRPPpositioning solution obtained after applg the conditioning and
customization techniques to the measurementspaocessingsoftware with other positioning
solutions such as SPP, RT&knd t h e s mirnal ppsitianimgesdliugion ito prove its

effectiveness over other techniques.

Findly, Chapter7, concludes the thesis by summarizing all the outcomes of this work. There is a
section devoted to the major challenges and limitations of positioning in smartphonim® and
means to address those problefte chaptealso providesuggestioaand recommendations for

future work.
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Chapter 2 GNSS Measirement Processing
In Smartphones

This chapter presents a brief overview of tffges ofGNSSpositioning and the history @NSS
positioning in smartphone€ontext isprovided on different GNSS chips in smartphones and the
ability to access raw measurements. Ongoing resaataked toanalysisand processing of
smartphone measuremeatsdthe evolution of GNSSpositioningmethods chips and antennas in
smartphones igliscussedand @ntemporary research dhe design ostochastic mods| error

moddling and reatime PPP processing smartphongis presented.

2.1 Overview of GNSSositioning Techniques

GNSS signals are electromagnetic waves thangeat the speed of the light. Their frequencies fall
in the spectrum between about 1.1 and 1.6 GHbahd). The L-band prevents significant
attenuation othe signal in the atmosphere and ensures signal inte@itg different navigation
satellitesysems are divided into two main categories:
1 Systems providing global coverage called Global Navigation Satellite Systems (GNSS).
They include GPSGLONASS Galileo and Bddou. They generally follow Medium Earth
Orbit (MEO) coriiguration to provide global coverage. BeiDou also hasnclined
geosynchronous orbits (IGSO)
1 Systems providing regional coverage refeteds Regional Navigation Satellite Systems
(RNSS). They include QZSS and IRNSS. IGSO and geostationary orbits (&EO)
preferred for ach systems.
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The @plication, desiredpositioning accuracy desired, budget and equipment decide the GNSS
positioning mode. These modes vary in terms of cost of implementation, accuracy, and
convergence timeGNSS positioning can be realised by either-teaé or posiprocessingand

can be classified into two main categorgsoint positioning and differential positioning with the
latter requiring abase station with known coordinates and a connection with the receiver to
transmit correctionsThemost sedpoint positioning technique is singleequency pseudorange
based positioningPR found in consumebased receivers such as smartphones. Until recently,
high-integrity methods for uses such as autonomous navigation to surveygdea limited to
expensive and sophisticated receivers with chips that track-frediency GNSS measurements.
These carriephasebased techniques are capable of a centimetre to theestimetre levie
accuracy. Differential GNSS (DGNSS)RTK and Network RTK are a fewrematic relative
techniquesDGNSSis a GNSS Augmentation system or an enhancement to primary GNSS
constellationmeasurementasing a network of groundbased reference stations that broadcast
differential information to the useMWith the recent shift towards leaost GNSS positioning and
integrated navigationgelative and standlone PPP techniques have been deployed on these low
cost receiversA brief descriptiorof the different types of positionirtgchniquess representeth

Figure2.1 ands henceforthdiscussed.
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Figure 2.1: Three types of GNSS Positioning Techniques

2.1.1 Point Positioning

SinglePoint Positioning(SPP)is the most basic form of satellibmsed positioning technique. The
navigation solution is either a simple leaguares estimate, weigl least squares estimabe an
extended Kalman filter estimate of the measurement equations made at achlSPP, along
with cell tower data has traditionally been usegrimduce smartphongositioning solutionsThe

GNSSobservation equation for each satellite is written as:
2 m  AAO AD (2.1)
AOAT AD represent the satellite and receiver clock offset from the GPS time (GPST}he

measured pseudorange between the satellite and the receiver afg the geometric range

between theatellite and the receiver, computed as follows.

M 8 @ 9 U : U (2.2)
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X, Y andZ are thesatellitecoordinates in the ECEF frame and x, y, z argebeivercoordinates.

Since the observation equation is diear in the unknowns@lhhAQ | it is linearized about
the reference state before applying the legstares solution, iteratively as follows:
A A (2.3)

where: ] ( 0O( ( x (2.4)

& Is thea priori estimateof the observableH is the Jacobian matrithat consists of partial
derivates of the observations with respect to the unknowns, and w is the misclosurerhector.
postfit residuals can be computed as:

O x (1 (2.5)

SPPuses noisy pseudorange measurements with limited error corrections and hence, has an
accuracy at the mettevel with considerable jump#n this research, datevebeen processed in

the SPP modas a referenceith the resultdrom the PPP solutian

2.1.2 Relative Positioning

Relativepositioning is a technique that uses a base station with known coordinates to estimate the
location of an unknown receiver. It involves determining the baseline vector between the two
pointswhichis generally limited td.0-20 km after which tropospheric and ionospheric variations
and biaseaffect the solutionAssuming the position vectors of the basbe X and the unknown
receiver to be X with the baseline vectogk the relation can be determined as:

8 8 A (2.6)
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Here, the baseline vector can be represented as:

8 8
A 9 9 (2.7)

Relative positioning can be performed with caofdy ranges or both code and canjérase
measurements. Though, for higher accuracy and precision of the solution, -plaaser
measurements are commonly employed in relative positiorRedative positioning can be
employed bysingle, double ortriple-differencing, Doubldifferencing isthe most commonly
employed mode of relative positioning, which cancels outth@srelatedio receiver and satellite
clocks. Centimetrdevel horizontal accuracy is attainable using double differencing.
RealTime Kinematic(RTK) is a commonkinematicrelative positioning technique and will be
also be used to compare the positioning solutiomioetl from PPPSince smartphones are
designed to function independent of baseline limitn a base statigrthis method cannot be
considerech viable replacement to the existing internal solutibietwork RTK is based on the
use of a large network of ba stationgnd cover large areas. However, they are limited by large

infrastructural setup cost and maintenance and are also not availebjevhere

2.1.3 Precise Point Positioning

Precise Point PositionindPB is a technique to process r&NSS measurements to obtain the
receiver position with very high accuracy. It uses precise orbits, additional error correction and
modelling and a single receiver, to obtain precise positioning sol(Bisnath and Gao 2009)

ThePPP technique models a considerable number of errors such as antenna offset, ocean loading,
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phase windu@nd clock errorsbeside the normal ionospheriand tropospheric correctiorssd

does not need an additional base station for transmitting error corrections.

PPP processing can be done in single frequency and combined and uncombi+ieztjdeaty
modes. Duafrequency PPP is based on forming ionospffiere linear combinationsf ¢the code
and carrieqphase measuremer(i&/ells 1987) However, one could also utilize slant ionospheric
estimatesas an alternativewvhich is what isemployed inthe context of this researci.he un

differenced observation equation can be expreasgdiggrey 2015)

0 m AFO O A A s A A A X0 (2.8)
3 m AFO O A A A A" 1R A
X 03 (2.9)

Thevariablesare:

0 - Pseudorange measurement on L1, L2 or L5 (m)
3 - Carrierphase measurement on L1, L2 or L5 (m)
m - Geometric range (m)

c - Speed of light (m/s)

TFO - Satellite clock error (sec)

TFO - Receiver clock offset (sec)

A - Tropospheric delay (m)

A -lonospheric delay on L1 &2 or L5 (m)
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A PA - Receiver equipment biases for pseudorange and eph@se measurements),

respectively

~ A

A 3 : . . .
A PhA T Satellite equipment biases for pseudorange and cpitiese measurements),

respectively

1 - Wavelength of L1 or L2 carrier waves (m)
- Unknown cycle ambiguity term on L1, L2 or L5 carrmnases (cycles)

A hA - Pseudorange/Carrigghase multipath on L1, L2 or L5 (m)

X0 3 - Pseudorange/Carrigghase measurement noise (m)

The challenge with PPPtise time it takes to converge, especially with GNSS measurements from
smartphones due to large convergence time for the ambiguity float solution. The combination of
measurements from multiple constellations reduces convergence time due to geometry
improvenent. The uncombined positioning model is slowly beingoptkd as it allows for the
integration of additional information, such as precise ionospheric errors. The elimination of
ionospheric effectsvill help reduce convergence time in réahe processing However,the
accuracy depends otine quality of ionospheric products and the efficiency of eliminating
systematic effects in the measurement mo@Gébbal lonospher Maps(GIM) productswhich
provide dobal maps of the ionosphere's total electron confE#BC] can be used for ionospheric
correction.They correct only 80% of the total errors and can affect the accuracy of the positioning
results. For this research uncombined processing technique is usedsthitdtes thelant total

electroncontent.
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Processing of GNSS daftar PPPis performed in five main stages, which involigreading of

GNSS observation®) data preprocessingind measurement conditionir) application of error
correction models4) filtering and output of estimatguarametes. The GNSS observations from
thesmartphone together with precise orbit and clock products, along with antenna corrections and
DCBGs (differential clock bias¢sindergo data prprocessingr measurement condiing. Error
correction models are applied to account for any possible error sources. These conditioned
measurementsre then prgrocessed in a sequential leagtiares filter or extended Kalman filter.
Applying functional and stochastic PPP models, th&tjpming coordinates and othearametes

are re-estimatedagain The final output includes station coordinates, receiver clock offset,

tropospheric delay and GNSS system time differences.

2.2 GNSS processing in smartphones

This section focuses on theadution of GNSSbased positioning in smartphones in terms of
processingechmiqgues GNSS chips, accessing raw measurements and the introduction of PPP
based processing mode to smartphones. A brief history of positioning in smartphones is also

provided

2.2.1 Brief Overview of the Evolution of GNSS chips infSmartphones

Historically, smartphones haveupported singkfrequency GPS singlgoint positioning which

was accurate only up to a few metdescause opoor antenna quality and signal blockages. Loss

of signal and rapid position variation were frequent. In 1999, the phone manufacturer Benefon

|l aunched the yrst commercially available GPS
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evolution in smartpbne technologyKetola 1999. From one phone model with GRE1999 to
fewer than 10 phone models with GPS in the next five y@argsver 200 models by 2017, the
smartphone GPS chips underwent drastic improvement in q@adityDiggelen 2009)TheE-911

was the big catalyst for getting GPS into phoalesig with the introduton of Massive Parallel
Correlation(MPC) inwhich all codedelays are searched in parallel, speeding uadtheisition
processin 2005, the first smartphone implementation of MPC was found in the HP iPaq, which

used the GL20000 GPS chian Diggelen 2009)

The number of Android smighones compatible with the Googhgplication Programming
Interface API) is increasing continuously. In early 2017, the Samsung S8 and Huawei P10 were
released as the first mulBNSS smartphones which had chips possessing the capability to track
carrier-phase measurements. However, the breakthrough came 126@8nUntil May 2018, the

GPS chipsetincorporated irsmartphones were singleequencyand mostlyGPStracking. In

some cases, they were already medinstellation, but the moroequency limited the
performance because the ionospheric error could not be eliminated but only estimated using a
single frequency model with different techniquasch asthe Klobuchar method. Moreover,
equipped with inverte monopole antenna single frequency chipsmartphones, positioning

was limited to a few metres with poor multipath suppression and inability to extract it. With recent
advancements in GNSS receiver and antenna technology, several manufacturers started working
on chips suitable for lowost masmarket applications with the hop& achieving higher
positioning accuracy, like geodetic receivers. Only recently, has a breakthrough been brought

about with the advent of dufilequency multi-constellation GNSS chipdkEGSA 2018) Dual
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band GNSS can mitigate multipath interference effects, which are especially preseas witre

a high density of buildings and deliver significantly higher accuracy than gnegjeency devices.

With LocationBased Services (LBS) applications in mind, Broadcom released the BCM47755
duakrequency chipin 2018.They daimedthes y st e m6 s ar c ththe sgnergistic e ac h
benefits that cannot be reached by multiple integrated circuits, thereby reducing its overall size
and power consumptiofGPS World 2018) It is a dualfrequency (E1/L1+E5/L5) GNSS chip.

The newly added L5/E5 signals with binary phakét keying (BPSK (10)) and alternative binary

0O set carrier (Al'tBOC (15, 10) ) fromdrabitidnad GRSon i s
chips especially in cities, where they are | ess
L1/E1 (Guo et al. P20) Other important manufacturers in this market have also come forward

with duaklrequencychips including Qualcomm with the Snapdragon X24 LTE modem and
HiSilicon with the Kirin 980 systeron-a-chip. Both attribute their superior energy efficiency and

form factor to intelligent data processing and FInFET transistor deslgs of some of the phones

and the GNSS chips, along with their capabilities is presented in Table 2.1.

Table 2.1: Smartphones alongwith their GNSS chips and tracking capabilities

Frequency Constellations Tracked GNSS chipset

Band
Xiaomi MI 8 MISO3E1A | L1,L5 GPS, Galileo, GLONASS Broadcom
BeiDou, QZSS BCM47755
Huawei Mate 20| HMA-L29 L1, L5 GPS, GalileoGLONASS, | HiSilicon Kirin
BeiDou 980
Samsung S9 SM-G960F | L1 GPS, Galileo, GLONASS Exynos 981017
BeiDou Broadcom
BCM 47752
Google Pixel 3 | Pixel 3 L1 (code | GPS, Galileo, GLONASS Qualcomm
only) QZSS SDM845
Snapdragon
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The different frequenciegacked by the BCM4755 chip in the Xiaomi phone, used for this
researchinclude code and carrigghase measuremeritem L1 and L5 for GPS, E1 and B%or
Galileag gngle-frequencyLl1 for GLONASS and Blfor BeiDou (EGSA 2018; Robustelli et al.
2019; Aboutaleb et al. 2019 brief overviewof the GNSSconstellations and frequencies tracked

by the BCM47755 chim the Xiaomi MI 8 and the reference receiver, SwiftNav Pikggiven in

Figure2.2.
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Figure 2.2: GNSS constellations and frequencies tracked by the BCM47755 chip in the
Xiaomi MI 8 and the SwiftNav Piksi (Barbeau 2018)

The different applications of smartphebased positioning and navigation hamereasedrom
infotainment, maps, social networkingoreover, in recent years,revel group of applications
has emergd within smartphones that require far more adeupasitioning results, such as
augmented reality, imageased navigation for tourism purposes, asmhartphonédased

photogrammetric unmanned aerial vehicle (UAV) syst8och high accuracy servicesquire
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positioning solutions obtained from mu@NSS chips with both code and carjdrase tracking

capabilitiesGuo et al. 2020)

Moreover,a seconeeneration dudrequency GNSS chip, the BCM47765, has been released b
Broadcom in May 2020. It is capable of tracking 30 new L5 signals, the new B8iDou
constellation B2a signal and signals from the NAVIC constellatitnich will increase the
availability of duaifrequency signals on three different GNSS constellations instead of two. It is
expected to have a significant improvemierositioning accuracy and will be used for innovative
lanelevel driving navigation instruains, allowing driving applications to know which highway

lane the vehicle is ifCozzen2020)

2.2.2 Accessibility of Raw Measurements fromSmartphones

Before2016, the GNSS chipsets in smartphones only output the pesiocity-time and limited
satellite information such as the elevation and azin{@®ho et al. 2020)The psedorange,
Doppler, and carrier phase observables were not available to developbes;\asre protected

by chip manufacturers. The position computed by the GNSS chipsets was available to everyone.
The positioning accuracy only reachetb® metre and even degraded to 1@treor morein the

case of adverse multipath conditions.

A breakthroughn the field of smartphonbased navigation happened in May 2016 when Google,
during the annual developtscused conference, announced that raw GNSS measurements will be
available to apps in the Android Nougat operating system. Before the Google annentcem

measurements collected by a smartphone could not be processedmppessing software, and
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therefore, undetheopen skystatic conditions, positioning accuracy could reach between three to
five metres, while under adverse multipath conditionsl &m urban areas, it degraded to tens of
metres (Robustelli et al. 20195hortly after, in July 2016he first Galileeready smartphone, the
BQ Aquaris X5 Plus was made availaéith the release dheAndroid Nougat operating system
and subsequent version (version /sgme smart devices allow direct access to raw data and PVT
solutiorsby acquiringpseudorange and cardphasaneasurementsom the chipsetHumphreys

et al. 2016; Zhang et al. 2018)

To access these raw measurements Google reless&INSS logger app that logs raw
measurements iNational Marine Electronics AssociatiogfiNMEA) like string format. They do

not output code measurements directly, but it can be computed from the received and elapsed time
and the pseudorange rate of change. The GNSS logger was also supported by a publicly available
weighted least squaréSPPMATLAB processing engine, that helped analyse the measurements
and process the GPS cedlely measurementéAndroid Developers 2016)Alongside, they
released a GNSS Analysis App, that takes the observation file as input and generates plots for the
postioning solution,carrierto-noisedensity ratig satelliteelevationand azimuth and receiver
velocity (Android Developers 2016)Furthemore other organisations started releasing their
loggers which log these measurements in RINEX formhes@& organisations followed the recent

RINEX 3.03 version. A brief overview of some of them is given in Table 2.2.
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Table 2.2: Existing GNSS loggers for smartphones

Organization Output Logged measurements
Format Pseudoranges Carrietphase Ephemeris
GNSS Logger | Google NMEA Yes Yes Yes
Geo++ RINEX | Geo++ Gmbh| RINEX 3.03 | Yes Yes No
Logger
RINEX ON Nottingham | RINEX 3.03 | Yes Yes Yes
Scientific Ltd
Galileo Pvt ESA CSV/INMEA | Yes Yes No
raw Android
measurement
G-RitZ Logger | Ritsumeikan | RINEX 2.11/ Yes Yes No
University 3.03

The shift from SPPto PPPand RTK seemed a viable option for the raw code and capinese
measurements were available from smartphones for different constellations. Haleloggers

do suffer from bugs and multiple updated versions of these apps have been released exes the y
2018 and 2019. These bugs range ftheincorrect computation of measurements, tiogging

issues and incorrect logging of the measurements, violating the RINEX 3.03 version. These
applications also tend to interact differently with different ph@mesAndroid versions, with some
phones not supporting one or many applications. Some applications also crashed or hung during

data collection, due to oweating of the phone.

Researchers from all over the world began working on the integration olirasents from
multiple GNSS constellations, transitioning from GPS b&with aided solution from devices
like accelermnetersand gyroscopgto an autonomous single receiver GNSS PPP, for poor quality
data available from the lowost antenna and GNS8&igs in smartphones:or this research, the

data collection was done using the Geo++ RINEX Logger and the GNSS Logger, as they gave the
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best possible logged data with few erroegarding theformat and computation of logged

measurements.

2.2.3 Internal Positioning Solution

Internal positioning solution obtained from smartphones is generally output UusHiRP
Smartphones naturally operate in daycling mode, in which the measurements are tracked for
200 milliseconds and then switched off for 800 milliset® which causes drift in solutigBNSS
2016) To correct thidrift, most smartphones use corrections from-isllers transmitted over
the internetvhich can cause biases of a few tens of metres bas#teqgosition of the cell tower.
The smartphone internal positioning result can also be aided by inertial sensors suishilas in
accelermmetes and gyroscopes, whidre notvery accurate themselves, considering their low

quality.

The internalsolution is computed using different techniques in different ph@mshence, can
vary in their accuracy. Some phones output the internal solution in the form of NMEA strings,
while others output the latitude, longitude and altituide internalsolution has been plotted and
comparedvith the PPP solution in this research, for it is crucial to understawdPPP is a viable

replacement to th existing solution.

2.2.4 A Brief History of GNSSPositioning in Smartphones

GNSS msitioning with smartphones is nentirely new. Previously, tablets and smartphones have
been tested for GPS only positioning using code measurembigtsexpanded into mMukGNSS
constellation positioning along with using the mprecise carriephase measurementoon et

al. (2016) verified a DGNSS coordinate projection method for smartphone positioning. The
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method is a development version of positmmain and addressed past limitations such as the
unavailability of raw GNSS observations. Usingstmethod it is possible to improve positional
accuracy by approximately 30%0%, and eventually to achieve a 1 m level of accuracy. On the
other hand, a ranggomain correction model is considered as superior to a pesibiorain

approach , with regards the current availability of raw smartphone observations.

Early GNSS positioning experiments on smart devieesd mostlythe Nexus 9 tablet. The
experiment conducted by Gim andvin-dong(2017)was a pseudorange paasiting test using

the Nexus 9 tablet, and the resgliow positioningmserrors in horizontal and threémensional
were 3.05 and 3.82 mespectively E. Realiniet al.(2017)carried out a singlrequency carrier
phase doublglifference positioning experiment using the tablet and several base statioas, and
positioning accuracy better than 20 cm was achieved within 20 miQuief the most important
conclusions drawn waggarding the quality of the signal and measurementscdrnierto-noise
density ratio(C/No) of GNSS raw observations collected by mobile devices is low and irregular,
approximately 1@BHz lower than tleseobtained from a geodetipality antenna andeceiver.

The timedifferenced(TD) filtering method, achieved static positioning with horizontal and
vertical positioningmserrors less than 0.6 and 1.4 m, respectively. These studies have important
implications for subsequent experiments using smargsbowever, the positioning of ordinary
smartphones is not comparable to this tablet. The initial point positioning performasc®ias

promising as the smartphone positioning accuracy was several tens of metres.

In September 2017, Sikiricet al.(2017)used a Huawei P10 smartphone, and the positianisg

errors were about 10 m in timerth andeastdirections and about 20 m in the directionusing
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the single code positioning performance irelatively open sky condition. In November 201
DaboveandDi Petra(2019)conductedan NRTK (network reaitime kinematic) positioning test
using a Samsung S8+ smartphone and a Huawet Brbartphone. Thegchievel an average
horizontal positioning error of about 60 cithe combination of pseudorange, carrier phase and
doppler observationselpedreach a positioning accuracy of 0.6 nthe horizontal direction and
1.4 m inthevertical direction The measuremenigere processed using the time series differential
algorithm with theC/No-dependent weighting methddhang et al. 2018Maritime positioning
requires positioning accacy of a few metres and for that Speetal (2019conducted a test with

6 Samsung Galaxy smartphones and showedathatizontal positioning accuracy below 10 m

can be achieved, which mee@tost of the maritime navigation accuracy requirements

Compaedwith geodetic and other survgyade receivers, the conditioning and-precessing of
smartphone GNSS raw observations and the analysis of smartphone positioning performance is
still in its preliminary stageChen et al. 2019After raw GNSS measurements were made public,
several research teanmave beerinvolved in assessing the quality of the measurements. The
NSL6s FLAMI NGO (Nottingham Scientific Limited
The MassMarket Through Initial Galileo Services) Team assessed the quality of the GNSS raw
measurements dm Xiaomi MI 8 smartphones in July 20X8ortunato et al. 2019) They
considered that the carrier phase was not affected by duty cycling, agdatitg of the raw
observationof L5/E5 frequencyis better than L1/E1 frequency. Robustealt al. (2019) also
performed a carrier phase differential positioning test on a Xiaomi Ml 8 ghaam (using single
frequency data) and achieved horizontal positionmgerrors of 1.02 and 1.95 m at low and high

multipath sites One of the major limitations hampering the achievement of centiiestee
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accuracy using smartphone GNSS positioninthéspresence of unaligned chipset initial phase
biases (IPBsjGeng et al. 2018) To overcome this constraint, Geng amnd2019)calibrated the
IPBs in a posprocessing mode. This helped achieve ambiguity resolutionhemde, provided a
precise centimetrievel position in a relative mode, which is an improvement of up to 80% as

compared to the float solution

2.2.5 PPPPositioning by other Researchersusing Smartphones

As astandalore positioning technique, PPP in smartphones could bring about a revolution in the
use of smartphones and lawst receivers for different positioning applications such as sports,
precision agriculture, geophysics, gaming, autonomous navigation and evan bkefpeying.
These commercially popular devices coaldo potentiallyreplace expensive geodetic receivers
and hardware used for applications such as cadastral surveying, autonomous nawgétion,

deformation surveying

Several researchehave obserd that de to the use of an invertédinearly polarised monopole
antenna which costs a few tens of dollars, the received signal suffers in quality and the
measurement noise of the pseudorange measurements isCaliget al. 20T, Zhang et al. 2018;
Robustelli et al. 2019; Guo et al. 2020; Wanninger and Hel3elbarth. ZRig@t al (2017)used a
Nexus 9 tablet to process GPS measurements in the-fiegleency PPP modé&hey observed

that a positioning rms of 3n and 51 cm could be achievedharizontal and vertical components
respectively. The raw measurement analysis revealed that on af@raljelevation angleshe

C/Nop of cellphonegrade hardware is ~7dBHz lower comparedvith those from theyeodeic-

grack hardwareFortunato et al(2019)conducted dynamic positioning experiments on Xiaomi 8
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smartphones. Though suahetre level of positioning accuracguld not be achieved did open a
wide range of discussisand research dmow to condition the raw measurements. The horizontal
positioning rms errors of 1.17 and 2.23 m was achieved using the RTKR#methods,
respectivelywhen walking with the phone in hand irsaburbarenvironmentWu et al.(2019)
processed GNSS measurements from a Xiaomi MI 8 smartphone in tHeedu&ncy PPP mode
and obtained rms poghing errors in the E, N, and U directions of 21.8, 4.1, and 11.0 cm,
respectively. However, it took 102 min for the thoemensional positioning error to converge to

1 m.In the kinematic mode, the data quality of the euadjuency smartphone was poandit

was difficult to obtain aontinuous positioningolution Comparedo the geodetic receiver, the
positioning accuracy dhedoublefrequency smartphone wa$db m in kinematic modeéAggrey

et al.(2020)reachedh positioning accuracy of 4 cm and 9 cmin 2D and 3D directions, respectively,
in open sky conditionssing the Xiaomi MI 8 smartphone kept flat on the rooftop@mdessing

the raw GNSS measurememghe dualfrequency PPP mode.

2.3 Smartphone GNS Hardware

The current dualrequency muliGNSS tracking smartphone chips are found in certain
smartphones such as the Xiaomi Ml 8 and 9, the Huawei Matd2@yeiP 10and 30 Certain
other smartphones such as the Samsung S9 track -Biegleencycode and carriephase
measurement3.he BCM47755 chip found in the Xiaomi MI 8 is showrFigure2.3. The

chips are equipped with a timing clock and a pHaep tracker.
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Figure 2.3: Broadcom BCM47755 chip found in the Xiaomi MI8 (EGNSSA 2017)

Different constellations and frequencies follow different chipping rates and data modulation
techniques that must be countered for in the manufacturing design. In most smartphones, there is
a shgle antenna for GNS&s well as mobildased applications. A detailed overview of antennas

is given in Section 2.3.2.

2.3.1 Impact of Duty Cycle

Duty cycling is a powesaving option, which is by default, turned on in smartphddesy cycling

is a mechasim by which the receiver chip in smartphones does not continuously track its location
so that the battery powearan be conservedHowever, this is not ideally suited for GNSS
positioning as the lack of continuous measurements equadgiadisation of tre PPP filter and
carrierphase ambiguities and the PPP solution does not converge to an accurate solution. Since
continuous use of a GNSS receiver wodldinthe battery, the receiver tracks GNSS data for 200

ms before shutting down for 800 mshél noncontinuous trackig and loggings not good for
carrierphasemeasuementsand leads to cycle slips on all satellilegvery epoct{Paziewski et

al. 2019. Paziewskiet al. (2019) used the difference between the code and caghiase
measurements to impact the effect of deygling on smartphonbased PPP positioning. The
phasecode differencing combination is commonly used to assess the code noise; however, in this

case, these values can provttle potential presence of effects related to the duty cycling. The
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phaseminuscode combination between satellite, m, and rexel, in the units of mets can be

expressed as

In 0 1. L Q) -5 -F5 X X (2.10)
where & is the signal wavelength, i is the <ca
pseudorange, N states for integenbiguity, superscript m and subscript k denote satellite and
station, respectively, and B corresponds to receiver/satellite hithel ionospheric delay, M is

the multipath effect, and U de-phase exsasureines, er v at i

separately.

Each time series is corrected with the value relatetiganitial epoch. The observables of the
high-grade receiver show that the difference between the code and phase measurements is mainly
due to code measurement noise amdrg weak trend related to the impact of the ionosphere. For
smartphonsg this trend is seen only for the first five minutesl isrelated to the fact that duty

cycling is activated by the smartphone afteis ttme, which is required by the chipset for
ephemerides acquisition (Pirazzi et al. 2017). That takes several minutes,aghéeswith the

results shown ifrigure2.4. During this period the smartphone phasauscode differences are
subjected to two anomalies. The first is a noticeable drifhoresible for increasing divergence
between phase and code data. The latter is repeated variations featured every 3 seconds and causing
jumps in phaseninuscode data in the range of about 20Hance, heanomalies in the smartphone
carrierphase measuremts are driven by the duty-cycling modein Figure 2.4 The blue
represents the trend for the smartphone while the red is foruthd (f&ference receiver) and the

green represents ti@¢No.
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Figure 2.4: Time series of phaseninus code differences (blue) andC/No (green) of Huawei

observablesversusthe phasecode differenceqred) for the Javad receiver(Paziewski et al.
2019)

Phase standard deviations are the subject of strongabgterved earlier ithesmartphone phake

code combination. Its occurrence leads to the conclusion thagffiact originated in the
smartphone phase obsables.The gradual divergence betwedme smartphone phase and code
clocksoccursduring the dutycycling period. Tledrift in phase measurements is depictefigure

2.5, and hence duty cycling must be turned off before collecting measurements to make full use of

the precise carrigghase measurements in generating an accurate positioning solution.
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Figure 2.5: Time seriesof difference in phase standard deviationgblue) and phaseminus
code (red) singledifference for Huawei P20(Paziewski et al. 2019)
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To further verify this phenomenoa,datasewas collectedvith a Xiaomi Ml 8 phone orDOY
102 2020with duty-cycling on. Figure2.6 (a) shows themarked drift in the measurement noise
for Galileo PRN 25 coinciding with the nomonsistent tracking of the carriphase
measuremenitsvhile no such effect can be seem Galileo PRN 26n Figure 2.6(b) with duty

cycling turnedoff.
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Figure 2.6: Time series of phaseninus code differences (blue) ancC/No (red) for Xiaomi
MI 8 when duty cycling is(a) on and (b) off

2.3.2 Impact of Antenna on Signal Quality

One of the biggest impacts affecting the quality of the solution isgh&e of the antenn&able

2.3 describes a range of antenna grades of decreasing quality. The loss numbers in the rightmost
column represent the average loss in gain relative to a sgradg antenna, where the average is
taken over elevation angles aeol5 since signals below have high multipath and measurement

noise and inevitably result in poor positioning solution quajRgsyna and Heath 2013)
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Table 2.3: Types of antennas andheir properties (Pesyna and Heath 2013)

Antenna Class Axial Ratio Polarization Loss (relative)

Survey-grade 1dB Circular 0dB
High-quality patch 2dB Circular 0-0.5dB
Low-quality patch 3dB Circular 0.6 dB
Smartphone-grade 10+ dB Linear 11dB

Surveygrade antennas have a uniform qdeamispherical gain pattern, righand circular
polarization, a stable phase aenaind a low axial ratio. The second and third rows list properties
for high- and lowquality patch antennas. These antennas have propékiea surveygrade
antenna and lose, on average, less than 0.5 dB andrésgctivelyin sensitivity as compared

to the surveygrade antenna. The smartphone antenna is an inMerlieearly polarisecantenna

that hasa low and irregular gain pattern, high relative loss and inability to distinguish between
multipath and nomeflected incoming signals. Also, the received signal strength of the L5 signals
is lower than the L1 signalg)JthoughL5 signalshave higher emittegower (Canal Geomatics

2007)

Several researchers haattemptedo characterise the quality of the signal based on the kind of
antenna used. One way to o to use the carrig¢o-noisedensity ratio to analyse the quality of

the signal. According tBaziewskiet al.(2019) thecarrierto-noisedensity ratio C/No) of signals
collected bya Javadgeodetic receivdiits in the range of 3%5dBHz, whereas in the case of the
smartphone, these values did not excé8alBHz in ideal open sky conditiong hey further
investigated the antenna characteristics by relating the elevation angle of the satellites with the
C/No of the received signalThe relationship between the satellite elevation @i of

smartphone meagsements is not obvious, especially at low elevations. The signals are

36



characterized by a noticeable number of low valueS/bb, reaching the level of 10BHz for
smartphones. The occurrence of these outliers is probably related to multipath affegting th

smartphone observables due to the poor multipath suppression of the &éRe=yma et al. 2014)

2.3.3 Single-VersusDual-Frequency PPP

The tradition in the smartphone market has been singdgiency GPS. What this means is that

the smartphone tracks a single radio signal from each satellite. While most current devices only
use the L1/E1 frequency, duaequencyenabled devices make uskboth. The L5/E5a signals

are transmitted at higher powandare thus]ess prone to multipath errors. They can be used to
refine position accuracy to as low as @@ with low-cost receiverswith processing techniques

such as PPRCurrently, fourteenGPS satellites transmit on L1 and L5.

The GPS L1 signal has a binary phakét keying (BPSK) modulation with a chipping rate of
1.023 MHz, often represented as BPSK (1). In the case of GPS L5, the same modulation technique
is usedoutwith a chipping ree that is 10 times higher than GPS L1, which can be written as BPSK
(10). A higher chipping rate causes fwver spectraldensity of the L5 signal to have a wider
frequency occupatiqrdirectly impacing the autecorrelation function which is narrowerh&se
characteristics allow more accurate code trackimgre consistentejection of narrowband
interferenceandincreased multipatbuppressionL5 codebased pseudorangeeasurementsave

a higher quality than their L1 counterpart&Ciuban Sebastian et al. 202®or smartphones,
however, the current signal strength of the L5 band is lower than the L1 band which will be
discussed in Chapter 3, mainly due to thiéerential behaviourexhibited bythe smartphone

antenna.
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For singlefrequencyPPP(SFPPP) applications, the ionospheric delay is a dominant error source.
Therefore, he performance of SPPP depends highly on the elimination of ionospheric delays.
Duakrequency PPRDF-PPP)is based on forming ionospheree linear combinations of the
code and carrigphase measuremen(8Vells 1987) However, one could alsatilize slant
ionospheric delaystimationas an alternativevhich is the uncombined method of processing
measurements and is preferred over the traditional combined iono$@®etechniquegAggrey

2015)

2.4 Analysis of theQuality of Smartphone GNSSMeasurements
by Other Researchers

The quality of the raw measurements is affected by the quality of the anRammewski (2020)
has summarised the work dome the field of smartphone GNSS positioning byultiple
researchers. He concluded thiatitations in the quality of smartphone GNSS measurements
restrictthe use of smartphones for highly precise positiaged applications. These limitations
range from the low quality of currdptembedded antennasiplying high susceptibility to
multipath, and low gain and linear polarization, whprleventsthe differentiation of righhand
circularly polarized direct linef-sight signals fronreflected lefthand circularly polarized nen
line-of-sight signals. Anothechdlenge waghe lack of phase centre offset and variation models

for the majority of smartphone GNSS anten(Raziewski 2020)

The quality of the code pseudoranges can be assessed from the differences between code and
carrier phase measurements as applied by Lachapell§20H8) They obtained armsvalue of

over 2.2 m for a Huawei P10 snjzhone, approximately ten times greater than that of & high
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grade receiveiSimilarly, acomparable ratio between the code noise of a Nexus 9 smartphone and
a highgrade receiver was obtained by Li and G20d.9) who used a thirdlerivative approach.

In the case of phase observations, the smartphone measurement noise waS brigs3larger
compared to high grade receivers reaching up to 0.04 cyctetherway toanalysethe quality

of measurements i® use thecarrierto-noisedensity ratio(C/No) to analyse the quality of the
signal. Paziewskiet al. (2019) noticed that theC/No of signals collected by Javad geodetic
receiver is as high as ®f8Hz whereasin the case of the smartphone, these satlié not exceed

48 dBHz The signals are characterized by a noticeable number of low val@lgfreaching

the level of 10dBHz for smartphones. The relationship between the satellite elevatioG/Bad

of smartphone measurements is not obvious, espeat low elevations.

Guoet al (2020)used a Xiaomi MI 8 smartphone for data collectibimey observed that for static
data, the pseudorange outlier percentage® in the rangé&.31%~4.79% for GP&1 and L5
1.7% and 1.3% foiGalileo E1 and EB, respectively. They observed that in general, the
pseudorange outlier rate of L5/E5 observatinas significantly lower than that of L1/EThe
L5/E5 observations va the potential to outperform L1/E1 in positioning and navigatod
should help increase positioning accuracy in dfi@quency processing.Unexpectedly, they
observed that the perdege of pseudorange outliers was as high a%%42and 19.6% for
GLONASS and BeiDou, respectively. Elmezayard EI-Rabbany(2019)also conducted some
pre-processing analysis on the measurements obtained from a Xiaomi Ml 8 smarfpheye
attributed the por measurement quality to the combination and quality of the receiver and the
antenna. Unable to distinguish LHCP signals from RHCP, they observe&liNbéo be on an

average 10 dBHz lower than a geodetic receiver
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2.5 Error Modelling

Various errors plage the quality of the PPP solution and must be corrected. PPP is based on
undifferenced observations, so most common mode errors do not cancel out. A brief overview of

some of them is listed subsequently.

Atmospheric errors
The most common type @frrors which need to be corrected for in any kind of positioning are
those related to the troposphere and the ionosphere. TWwesmedia causeelectromagnetic

signalsto be refracted, which needs to be corrected for accurate positioning.

Tropospheric dely

Tropospheric delay is variable and difficultdorrect accuratelfor since it varies based on factors

such as the atmospheric temperature, pressure, humidity, receiver altitude, and satellite elevation
angle. Extending to approximately 50 km into the atmosphere from the surface of Earth, it
comprises the dry componecausing ~ 90% of the delay and wet component causing ~10% of
the delay The delay caused by the dry and the wet components of the troposphere is usually
modelled at the zenith angle and then scaled by an appropriate mapping function to any satellite
elevaion angles. Expressing total tropospheric delay as a combination of the delay caused by the

dry and the wet componentsas follows (Choy 2009) (Shen 2002)

A - A - A (2.12)

here:
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hi e Zenith path delayZPD) caused by dry component
Q qo ZPD caused by wet component

0 0 od ay D Wet and dry mapping functions, respectively.

There are several tropospheric models such as Hopefield and Sasstamoinen and mapping functions
such as Niell Mapping Functions (NMF) and Isobaric Mapping Functions (IMF). For this research,
the wet component is estimated with otharametes in PPP processing to reduce the residuals of

the wet troposphere delay, basedtwework by Kouba and Héroux (2001).

lonospheric delay

The onosphergbeing the uppermost layer of the atmosphared laving ahigh density of

electrons affects the propagation of the electromagnetic W&resy 2009) The density of the

el ectrons primarily dependent on solar acti vi
of the user nthe Earth(Misra and Enge 20063au® errorsrangingfrom a few metres to several

tens of metregWells et al. 1999)The ionosphere delay is inversely proportional to the square of

the transmission frequency. Ddatquency GPS receivers can measure ammove the
ionospheric effect by forming the ddakquency, ionosphefieee linear combination. Th
combined technique ,i©ioweverbeing replaced by the uncombined technidta. this research

slant ionospheric correctioftsansmitted by IGS stationwereused to correct faheionospheric

error. Taking the duafrequency combination induces noise due to large measurement noise in
pseudorange observation&s| o b a | l onospheric Maps (GI M6s) a

correct for about 80% of the dnospheric errors.
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Multipath

Multipath noise is the biggest error sourcedodemeasurements from smartphones. Multipath is

the error caused by the reflected signals entering the front end of the receiver and masking the real
direct signal correlatiopeak (Parkinson and Spilker 1996). It is mainly caused by the reflected
GNSS signals from the tall buildings in urban landscapess treeven thground. In smartphones

with linear antennas, the smartphone is unable to distinguish between the incgiticgaularly
polarised signal and the left circularly polarised sigridlis errorcan be many tens of metries
C/A-code observations and up ®@ few ocentimetres for the carriefphase measurements
(Georgiadou and Kleusberg 1988he most effective way to itigate the multipath effect is to

place the GNSS antenna away from the reflecting objects but for smartphones to work in realistic
environments this problem is unavoidabda effective way to counter this is to model this error

in the measuremeniveighting. For lowcost receivers and smartphonéisere is a strong
correlation between the multipath and D&\, valuesand will hence be used to estimate the
weighting parametes for the code and carriphase measurements in the stochastic model.
Multipath can also be mitigated at the receiver end by making GNSS receiver discriminator design

less sensitive to multipath, that is, by a narrower datby correlator spacing.

Differential Code Biases

Differential Code Biases (DCBs) are systematic errors, or biases, between two GNSS code
observations at the same or different frequencies. DCBgrararily required for coddased
positioning of GNSS receiverand extracting ionsphere total electron content (TEQhe
application of DCBs is used for navigation applications andmenrigation applications such as

ionospheric analysis and time transfer.
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2.6 RealTime versus PostProcessed PPP ilsmartphones

On October 29, 201&y Spaceopal Company in GermaynouncedsPS and Galileo orbit and

clock correctionsvhich areto be used with the broadcast ephemeris to convert it to the precise
ephemeris counterpart. These products are produced based on the RETICLE algorithmdievelope
by the German Aerospace Centre (DL&d are déed NAVCAST prodicts. These reatime
products are in addition to the broadcast navigation file and supply orbital and clock corrections

to be applied to the products available in the navigation file.

Elmezayen and HRabbany(2019) used a Trimble R9 geodetic receiver and a Xiaomi8MI
receiver with access to GPS L1 and L5 andl&aE1 and E5 raw measuremeatsl performed
reattime PPP processingdhe realtime precise ephemeris obtained from the NAVCAST GNSS
PPP service were used in rtahe PPP modeAs expectedthe postprocessed resultgere better

than the reatime resuls in static processinglhe results are shown in Table 2.4.

Table 2.4: Mean and rms of East, North, and Up errors for the data set collected using
Xiaomi MI 8 (Elmezayen and E{Rabbany 2019

PPP De C 9 0

Mean rms Mean rms Mean rms
PostProcessed 36.4 50.7 31.0 47.3 30.5 55.9
RealTime 43.0 55.8 42.9 54.2 42 .4 62.1

Since the range of orbit and clock error, after applying the NAVCA®Iuctswere atthe
centimetrelevel it is a viable option for processing smartphone data iftirealand in subsequent,
PPP applications. Both pestocessed and retime PPP were implemented in the kinematic test

case, but the results do not seem as promamaghe smartphone pit®ning is still at the metre
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levelfor most cased~or one of the better datasets, collected bythiee rms of the pogirocessed
PPP solution errors are70m, 0.6 m, 6 m in East, North, and Up directions, respectively,
compared to 0.8 m, ®m, and0.7 m for the RFPPP counterpakElmezayen and HRabbany

2019.
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Chapter 3 MeasurementQuality Analysis
and Quality Control

This chapteffocuseson theGNSSreceivers usefor the data logginglong with the software
applications and the design of th@rKkU PPP engine. The different types of datasets and the
respective environments in which they have been collertealso describedThis chaptealso
attempts taunderstand theatureof the smartphone datay analysingthe different parameters
(quality analyss) and to use the analysis to implemsuitablecheckswhich ensure integrity and
resilience of the solution (quality controfarious aspects of the measurement quality will be
analysed such as measurement noise, multipath,gdgs andarrierto-noisedensity ratioand

their interdependenceThe final portionof the chapterpresents thevarious quality control
measures implementadch as the prprocessing and pegrocessing quality control checksed

in the PPP software

3.1 Experimental Hardware, Data and PPP Rocessing
Parameters

Every data collection requires some hardware and software for data logging. The measurements
are subsequently processed in a PPP engine, with certain progessingetes. The first section
of this chapter deals with a list of the hardware, i.e., thetphmame and the reference receiver, the

softwareused the datasetsollected,and the data formats processed
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3.1.1 Smartphones andReceivers

Four models of Android phones were initially purchased to collect measurement data. The models
and their GNSS hardware capabilities are listed in Ta8de The four phones vary in their
capability of the number of GNSS constellatiansifrequencies thefrack.Dualfrequency mult

GNSS constellation tracking smartphones are toave market and their positioning capabilities

are yet to be fully researched. Thowdhwere initiallyanalysed fotheirmeasurement quality, all

the data processing and arsdyfor this researchavedone using the Xiaomi Ml 8 photecause

the carriesphase measuremerftom the Huawei Mate 2@8uffer from biaswhile the logged
measurements do not follow the RINEX 3.03 format with missing spaces. Moreover,rthare a
high rumber of incorrectly logged measurementse iricorrect measuremerdsuld be both due

to the application used and the smartphone antenna and rettEnee, itwas notsuitable to be

used for PPP processinghe smartphone positioning results were comg@against aelatively
low-cost receiver, the SwiftNav Pik#\. geodetic grade receivedhe Topcon NEFG3A was used

as the base station for kinematic PPP data collection. The smartphone chips are in the range of
around 10 USlollars (USD)against the f& hundred tafew thousandJSD chip prices for the

other tworeceivers These relatively expensiveceiverswere used to generata reference
solution. The SwiftNav Piksi tracks L1 and L2 signals from different GNSS constellations, the
TopconNET-G3A tracks L1 and L2 signals for GPS and GLONASS while the smartphones track

L1/E1and L5E5afrom some GPS and all Galileo Satellites.
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Table 3.1: Receiversused for data collection

Device Frequency Constellations Tracked GNSS chipsets
Band
Xiaomi Ml 8 L1, L5 GPSL1&L5), Galileo(E1, Broadcom
(smartphone) E5a)GLONASS(L1), BCM47755
BeiDou (B1), QZSS(L&L5)
SwiftNav Piksi L1, L2 GPS(L1&L2), Galileo Xilinx Zynq 7020
(reference) (L1&E5b), GLONASS

(L1&L2), BeiDou(B1&B2)
Topcon NET-G3A L1, L2 & L5 | GPS(L1, L2 & L5 carrier), | ParadigmG3
carrier GLONASS(L1, L2 &L5
carrier)

3.1.2 Data Loggers

After raw code and carrigghase measurements were made available to the public, the first app
released was the GNSS Logger Applicaijbiggelen and Khider 2018)For this research, most

of thedatawere collectedising the Geo++ RINEX Loggé6Geo++ GmbH 2018)A few datasets
were collectedvith the RINEX ON appFor initial SPP processingata weresollected using the
GNSS Logger app to analyse measurements through the GNSS analysis tdaimaBpogle

Table 3.2 identifies the different loggers used for data collection, their devettaiaroutput

format and their logging capabilities.

Table 3.2: Android applications used to collect GNSS measurements from smartphones

Organization Output Logged measurements
Format Pseudoranges Carrietphase Ephemeris
GNSS Logger | Google NMEA Yes Yes Yes
Geo++ RINEX | Geo++ Gmbh| RINEX 3.03 | Yes Yes Yes
Logger
RINEX ON Nottingham | RINEX 3.03 | Yes Yes Yes
Scientific Ltd
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3.1.3 Datasets

For this research datasets were collected in static and kinematic mode and different environments.
Thesedatasetsvere collected by using mannequins and tripods on rootiopdy mounting
phones on the dashboard of cars, inlmnusor holding t in the hand. These scenarios are shown

in Figure3.1A summary of the different datasets collected and procespeavisledin Table 3.3

SwiftNav

¥ i

antenna

Xiaomi
MI 8

Piksi
receiver

Xiaomi MI 8

Google Huawei.
Pixel 3 Mate 20
i |

(b) Kinematici driving (medium multipathandwalking (high multipath)

Figure 3.1: Data collection in static and kinematic environments
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Table 3.3: An overview of the different datasets collected, analysed and processed

Duration

Environment

Description

23 Feb 2019 | kinematic| 35 Urban Smartphoneheldin hand while
minutes | (High running
DOY 54 multipath)
7 Mar 2019 | kinematic| 30 Low to Xiaomi MI 8 clampedo phone
minutes | medium holder on theardashboard
DOY 66 Multipath
(Highway)
8 Mar 2019 | kinematic 10 Remote- Xiaomi MI 8 phone kept in pocket
minutes | Forested while skiing
DOY 67 (High
multipath)
26 Mar 2019 | kinematic| 25 Suburban Xiaomi MI 8 clampedo phone
minutes | (Medium holder oncar dashboard
DOY 85 multipath) SwiftNav Piksi on car roof
26 May 2019 | static 6 hours | Open sky Xiaomi MI 8 phone placed on hanc
(low of mannequin on Petrie Rooftop
DOY 146 multipath) SwiftNav Piksi onadjacent pole
25 Oct 2019 | static 2 hours | Open sky Xiaomi MI 8 phone clamped to pol
(low on Petrie Rooftp
DOY 298 multipath) SwiftNav Piksi on top of same pole
21 Nov 2019 @ kinematic 25 and 30 Suburban Xiaomi MI 8 lay flat on car
minutes, | (Medium dashboard
DOY 325 respectiv | multipath) SwiftNav Piksi placed ortar roof;
ely connected to a lowost Tallysman
(two tracks) antenna and SwiftNav antenna
alternately in the two runs
Topcon NET-G3A receiver used as
base statioln Petrie Rooftp
21 Dec 2019 | kinematic| 30 Urban Xiaomi MI 8 kept in the hand while
minutes | (High walking
DOY 355 multipath)
11 Apr 2020 | kinematic| 12 Urban Xiaomi MI 8 kept in the hand while
DOY 102 minutes | (High walking with dutycycling turned on
2020 multipath)
23 Apr 2020 | kinematt | 30 min Medium Xiaomi MI 8 in handwhile walking
DOY 2020 (reaktime multipath
PPP)
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3.1.4 Data Formats

Data formas definethe organization of data in the file accordingpte-setspecificationswhich

are necessary for the efficient processing of data in various processing engines. ahgdition
National Marine Electronics AssociatioNNEA) formatand different versions of RINEX file
format have been used to log GNSS datee GNSS Logger Formas a new addition since the
advent of smartphone raw GNSS measurement logging and processing. It is necelesamyt®e

the different data formats before moving onto the data collection and processing

RINEX Data Format

Receiver Independent Exchange Format (RINEX3 data interchange format f@NSSdata.
RINEX is an ASCII data format developed by the Astronomical Institute of the University of Berne
for the easy exchange of GNSS data. RINEX is used as-proastssindile format for both static

and kinematic application@vlanandhar 2017)The files in the RINEX format ingdes GNSS
observation data, navigation messages, meteorological data, geostationary satellite data, satellite
and receiver clock files. Currently, smartphone applications such as Gdd{EXR.ogger,
RINEX On and GRitz Logger log data in version 80The RINEX file containslogged
pseudornage, carrigghase,signatto-noiseratio (SNR) and doppler measuremefws each
satellitetracked at any given epaci he RINEXlike file logged by the smartphommaitputs the
original SNRvalues in dBHzaNd not inthe standardisestaledweighing scaldetween 19. The

GNSS data collection in this format was processed in the YorkU PPP engine.

Google GNSS Logger Datdormat
Google releaseitis GNSS Logger application which was thesfiapplication to provide access to

raw measurements. The measurements are in comma separated format and include outputs like
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pseudorange rate, received and transmitted time, accumulated delta range acafriets)-
noisedensity ratip navigation mesgye, the hardware clock and biasg8anville and Van
Diggelen 2016)The GNSS analysis apps and the publicly released source code can be used for
processing and obtaining positioning solution. lresembleshe NMEA format(Manandhar

2017) Most of the SPPsolutions had initially been generated using files in this format.

3.15 YorkU PPP Measurement Processing Engine

The York GNSS PPP software is a scalable and modular GNSS PPP processoanditieiit

in C++ using Visual Studio in th®licrosoft. NET platform. It is capable of processing triple
frequency (L1/L2/L5) measurements postprocessing and rediime from GPS, Galileo,
GLONASS and BeiDoult has been made modular and scalable to handle data formats such as

RINEX, Radio TechniceCommission for Maritime ServiceRTCM) and GNSS Logger

Figure 3.2 illustrates the software architecture of the YorkU PPP engihe.YorkPPP engine
has beemleveloped by the GNSI8boratoryresearch tearat York University. (Seepersad 2012;
Aggrey 2015)Only portions of the softwarelevant to smartphone processargdiscussedhere

in detail. It consists of four main segments: data input module; error corretdianprocessing
model (sequential leastjuaresextended Kalman filtefEKF)) module and thegparameteputput
module The user is required to specify procesgiagametes and input files in a ciguration
file. All supplieddata are read and stored in internally defined structures beforbatathing
checks are performed. These datadling checks comprise the dat@processing module. It
involves checking for missing measurements, predicting missing eph@se measurements as

well as rejecting missing measurements. It also involves apptiimgecessary elevation and
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carrierto-noisedensity ratio measuremenfilters. The correction module depends on user
required data supplied in the form of an observation file, precise satellite orbits and clocks,
ANTEX file, DCB file and ocean loading coefficienfBhe data processing model comprises the
sequential leastquares filtering modulethe EKF moduleor the EKF+IMU moduleUsers can
specify their choice o& processing module in the doguration file. The corrected observation
data goes through the filtering module where position estimasesell as other paramees,are
obtained. The outpytarametesegment is intended for evaluatiandthe analysis ofesuls. The
outputfiles can be plotted using various MATLAB scripihe important prérocessing and

stochastic modules whidmre a contribution as a result of this research are highlighted in orange

boxes.

Pre
Input P
Module rocessing
Module

Processing Module Output
Module
|

' 5
Erro Constellations

Corrections

&,

e

I

Figure 3.2: Schematic representation of the YorkU PPP engine
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3.1.6 YorkU PPP ProcessingParameters

Table 34 displays the processingarametes and settings used the YorkU PPP processing

enginefor smartphones and the reference receivers. Precise orbits and clocks from Centre National

dOEt udes Sp aandGeimansRededicN E&hjre for Geoscien€B2) were used

because of the availability of orbits and clocks for all GNSS constellations. The uncombined mode
of processing was preferred because it makes use of the raw strength of the measurements. In the

combned mode, the measurement noise for the two Siguwlals up, which degrades the accuracy

of the positioning solution for smartphones.

Table 3.4: YorkU -PPP processingparameters for smartphones GNSS processg

Processingparameters York U GNSSPPP engine settings

PPPprocessingnode Uncombined duafrequency
Estimator sequential least squares
Antennacorrections IGS ANTEX

Satelliteorbits and clocks CNT (CNES)
Elevationmask 10°

C/No mask 20 dBHzfor smartphone, 15 dBHz for SwiftNav Piksi
GNSSsystem GPS, GALILEO

Observationgrocessed L1, L5, E1, Eba

Measuremendataformat RINEX 3.03

lonospheriamitigation

Slant ionospheric delay estimation

Tropospherianodelling

Hydrostatic delayDavis (GPT)
Wet delay: Estimated
Mapping function: Global Mapping Function (GMF)
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The PPP processing was done usirgguentialleastsquaresfilter since the variability in the
measurement noise for different antennas in smartphones and different environments of data
collection require extensive tuning of the nqgpseametes if processed usinge Extended Kalman

Filter. Moreover, such repeatédning is not possible for Realime PPP Processing, which is

what smartphonédased GNSS positioning ismeant for. Appropriate elevation andC/No
measurement filtersvere applied to eliminate measurements with high noise which will be
discussed irsection 3.30nly GPS and Galileo measurements were processed since smartphones

track L1 and L5 measurements for only those two constellations.

3.2 Analysis of Measuremem Quality

The smartphone raw GNSS measurements were analysed for different quality parameters in
various data collection environments. These quality paramsters asC/No, cycle slips,
measurements noise and multipath and theerdependence wiblediscussedbelowwith several
examples. Thesparametes will also be compared against the values and plots obtained for a
higherquality SwiftNav Piksito gaina better understanding afor quantitative analysisThe
frequency of occurrence and lengthdaita gaps for different observables will be lookedbat
different multipath environmentsnce it iscrucial to customize and condition the measurements

which will be discussed in Chapset and 5.

3.2.1 Carrier -to-Noise-Density Ratio

Carrierto-noisedensity ratio(C/No) is defined as the ratio of the signal carrier power to the noise
power in a 1 Hz bandwidthn other words, it ishe power in the received signal compared to the
power spectral density of the receiver noiskhis indicator strongly depends not only on the

satellite antenna, signal propagation and deterioration but also on the hardware, including antenna,
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receiver and cable@Montenbruck et al. 2012; Wang et al. 201Zhe four major factors
influencingC/No received at the antenna phaseatreare (1) power density of the incoming GNSS
signal; (2) reception area of the anten(® receiver antenna gaiand (4) satdite elevation
(Braasch and van Dierendonck 1999; Fortunato et al. 28ir8)ethe C/No of the received signal
depends on hardware such as the quality of the antenna, smartphones with cheap linearly polarised
antennas have loweZ/No, as compared to geodetic and surgegde receivers, or even the
reference receiver used in this resbartte SwiftNav Piksi. Té@increagd variability in C/No

impacts the quality of the measurements and these signals have higher measurement noise.
Another cause for this low and irregular value€bi is the inability of the smartphone monopole
antennas to distinguish between incoming kghtularly polarisedsignals and reflected left
circularly polarised signals. Such signals have high multipath and using such measurements affect

the positioning solution qualitfChen et al. 2019; Roistelli et al. 2019; Guo et al. 2020)

The L1 and L2/L5C/No for the two receivers gre analysed in both the static and kinematic
scenario as shown Figure3.3 andFigure3.4. The C/No for the smartphone is on an average 10
15 dBHz lower than that dhe SwiftNav Piksand has several jumps when it picks up reflected
signals. Theabovementionedobservations are iaccordance with observations made by several
researchergChenet al. 2019; Robustelli et al. 2019; Guo et al. 2020)a high multipath
environment, there was a high percentage of signals@/ltly as low as 10 dBBElas shown in
Figure 35with a mean of around 28 dBH#&/hen signals having suffered from multiple reflections
are picked up the smartphone antennaCitiNg values are extremely low and such measurements
have high multipath nois&he plot for the Xiaomi Ml &/No in Figure 3.3 and 3.4 also show gaps

which highlight the periodic lossf-signal by the lowcost antenna in kinematic scenarios.
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Figure 3.5: C/No plot for the Xiaomi MI 8 in a high multipath kinematic scenario (DOY
355, 2019

The meanC/No value of the signals for GPS and Galileo was computed. ThHep of the
smartphoné.1 signal was 27% lower than the reference receivérastatic scenarid®23% lower

in the kinemationedium multipathscenarioand 24% lower in the high multipath scenars
shown in Table 3.5Similar results were observed for the L5/E5 signal as Welliceady, the
L5/E5a signal for the smartphone has a lower signal strength compared téEheighal while

the L2/E5b sigal for the SwiftNav Piksi had a higher signal strength than the cormiapdril/E1
signal.The followingconclusions can be drawn

1. Thesignal strengtlis low and irregulawith drastic degradations corresponding to increase in
multipath.

2. The C/Np values for smartphones cée as low as 10 dBHzUsing such signals, the code

measurements kialarge multipath noise affecting the accuracy of the positioning solution.
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Table 3.5: Mean C/No for Xiaomi and SwiftNav Piksi in different multipath scenarios

20 ors 0 oI
ead o\dD ed o\dD ed oldD
Frequency L1 L2/L5 L1 L2/L5 L1 L2/L5
Xiaomi Mi 8 35 34 35 33 29 26
SwiftNav Piksi | 49 49 47 48 44 44
Difference 27 29 23 31 34 40

C/Noversusthe Elevation Angle

The distribution of the magnitude 6fNo versus thelevation angle also reveals certain interesting
characteristics.Figure 3.6 represents the plot f@/Ng as a function of elevation angleor the
SwiftNav Piksj a clear linear relationship observedetween higher satellitdevationangle and
higherC/No. As antennas in smartphontgack signals from all sidetheyare unable to distinguish
between multipath and incoming signals and signals from higher elevation angle satellites also
suffer from multipath. These results correspond to similar firgrbyPaziewski et al. (201%nd

Wanninger and HelRelbarth (202@ith other smartphorsesuch as the Huawei 30.

SwiftNav Piksi Xiaomi MI 8
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Figure 3.6: C/No as a function of elevation angléor satellites tracked byXiaomi MI 8 and
SwiftNav Piksi in a kinematic medium multipath scenario(DOY 325, 2019)

Comparison of C/Nofor different Constellations and Frequencies

ThelL2/E2 andL5/E5a signals are transmitted at a higher chipping rate and lower freqtleancy

the L1signal Ideally, for most receivershey are less affected by noise atbuldhave higher

C/No values(Leclere et al. 2018Figure3.7 shows the relation betwedime mearC/Noof L1/E1

and L5/ESsignals from amartphone for GPS and Galileo. For the same elevation angle, the signal
strength for the Lkignalis higher than for L5, which ideally should not be the case for other
betterquality receivers. Table 3.6 shows the aver@dd, for the two frequenciefor the static

and kinematic scenaso

With a geodetic receiver and antenna, &, for the L5/E5 or L2/E2 signal bandis
approximately 5 and 3 dBHz higher than the L1/E1 measurentéomgever, br thesmartphone
thereceivedL1 and Elsignalsare considerably stronger than L5/E5a, almost certainly due to the
antennaespecially in medium to high multipath environmemtseC/Nofor GPS L1 is an average

3.1 dBHz stronger than L5 and Galileo E1 3.4 dBHz stronger thanTEgasmartphone antenna
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is notably, not as sensitive for L5/E5a signals as compared to L1/E1. Also, for L5/ERsa, it
observed that th€/No decreases above an elevation angle ofis@igh multipath environments
and above 60° in static open sky conditiofisese findings corrgsnd toresults fromWanninger

and HelRelbart(2020)in static open sky environments.
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Figure 3.7: C/No plot comparisonfor L1/E1 (green)and L2/L5/E5(blue) frequenciesfor
Xiaomi MI 8 and SwiftNav Piksiin a kinematic medium multipath scenario

Table 3.6: MeanC/Novalues for L1 and L2/L5 frequencies for GPS and E1 and5
frequencies for Galileo for Xiaomi MI 8 and Piksi

Device Scenario Frequency C/No [dBHZz]
Galileo
LYE1 39 36
Static
L5/E5a 37 36
Xiaomi MI 8
LYVE1 39 35
Kinematic
L5/E5a 36 32
LYVE1 48 49
Static
L2/E5b 48 50
SwiftNav
Piksi LYVE1 47 48
Kinematic
L2/E5b 48 49
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3.2.2 Measurement Noise

Another measure is the measurement noise computeiffésedcing the code and carriphase
measurementsThe difference of C/Acode and carrigphase measurements represents the
combined effect opseudorange and cardphasemultipath and signal noise with the assumption
that the atmospheric error is negligiblthe measurement noise was analysed for both the
smartphone and the SwiftNav Piksithre samestatic and multipath environment and is shown in
Figure3.8 andFigure3.9. Due to the use of a linearpolarisedantenna in smartphones, it was
expected thathie quality of the measurements will deteriorate in comparison to a-Qetkty
receiver and antenr{&ill et al. 2017; Gill 2018) As expected, the rms of the measurement noise
for the smartphone is several metres more than the SwiftNay &dstiown in Table3.7. The
large biases in the measurement noise for the smartphone correspond to undetected cycle slips.
Moreover, the frequent phakessof-lock and missing carrigghase measurements lead to-non

continutiesand jumsin the observed noise pattern.

code -carrier phase (C1-L1) [m]
code -carrier phase (C5-L5) [m]

0 0.5 1 1.5 2
Time [hr] Time [hr]

(a) Xiaomi Ml 8 C1-L1 noise level (b) Xiaomi M8 C5-L5 noise level

62



60 : : ‘ 60

(m]

40 r

40 |

code-carrier phase (P2-L2) [m]

code-carrier phase (P1-L1)

=201
40t 40t
-60 : : : -60 : : :
0 0.5 1 1.5 2 0 0.5 1 1.5 2
Time [hours] Time [hours]
(c) SwiftNav PiksiP1-L1 noise level (d) SwiftNav PikBi2-L2 noise level

Figure 3.8: Signal noise level estimate (in metres) for Xiaomi Mi 8 and SwiftNav Piksi
receiver in static testing POY 146 2019
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Figure 3.9: Signal noise level estimate (in metres) for Xiaomi Mi 8 and SwiftNav Piksi
receiver in kinematic testing (DOY 325 2019
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Table 3.7: Measurementquality analysis for the Xiaomi MI 8 versusSwiftNav Piksi

Scenario Device Measurement Noise
C1-L1 [m] P2-L2 / C5-L5 [m]
_ Xiaomi MI 8 11.8 185
Static SwiftNav Piksi 2.1 3.5
Kinematic Xiaomi MI 8 13.9 20.3
SwiftNav Piksi 2.9 4.6

The measurement noise fie L5 signal is significantly higher than hihich corresponds to the

lower received signal strength for the L5 signaleTéwer C/No value for the L5 signails an
anomaly sincét is transmitted at a higher signal strength and should be of bettetygbati the

current smartphone antenna is not designed to receive L5 sagtalsately The L5 signal has

56% more noise than L1 in the static case and 45% more in the kinematic case. Since the
measurement noise depicts the combined effect of multipathsigmal noise, analysing the

multipath observable is crucial and ok performed next

3.2.3 Multipath

Multipath affects observations from all satellites, irrespective of elevation angle since the antenna
tracks signals from all directions and the rece@adrierto-noisedensity raticof the signals from
different satellites is an indicator of the multipath thaeet the code measurements. Multipath

is not only affected by the quality of the hardware ubetialso by the environment in which the
dataarecollected. There is a multipath error in bpeudorange and carrphaseobservations.
However, the carriephase multipath is limited to &ew (4-5) cm and can be ignoregiven
smartphone noise levelwhile the multipath affecting the code observations can be up to a few

tens of metres. Ae positioning solutiometerioratesf noisy measurements are includedthe
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processing. To implement this process, multipath observables are generated for both L1 and L5
frequency by making use of the standard multipath estimation for(Bekpersad 2012 he

mean of the observables has to be subtracted to generate the final code multipath value.

00 0 p — %o — %o (31)

00 0 — % — p %o (3.2)

Multipath affecting the psudorange measurements is prominerdrmrban orsuburbararea, in
forested areas and or when the ttaeins orcrossesan intersection for kinematic datollection

The same static and lématic dataset analysed for measurement nois8ettion 3.2.2 on
measurement noise wereadysed for the code multipatRigure3.10 and 311 showthe MP1 and

MP5 observable for the smartphone and the MP1 and MP2 observable for the SwiftNav Piksi.
Once again, undetected cycle slips cahsdarge biases in the multipatlot for the smartphone.

Missing carriefphase measaments are the cause of gaps in the multipath plot for all satellites.
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Figure 3.10: Code multipath for Xiaomi M1 8 and SwiftNav Piksi in astatic low multipath
environment (DOY 146, 2019)
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Figure 3.11: Code multipath for Xiaomi M| 8 and SwiftNav Piksi receiver ina kinematic
medium multipath environment (DOY 325, 2019)

The multipath effect on the signals ¥raomi MI 8 is on an averag84% higherthan that of the

effect on theSwiftNav Piksiin astatic environment ar83% higherin thekinematic environment.

The multipathrmsof the smartphone aritereference receiver is shown in Table 3.8. These rms

values are crucial and will be used in thechastic modelling, discussed in Chapter 5, to weigh

the pseudorange measuremeritsis interesting to note that the effect of multipath is higher on

L5 code measurements than the L1 for the smartphohde it is lower for the L2 code

measurements tha_1 for the SwiftNav Piksi.

Table 3.8: Multipath analysis for the Xiaomi MI 8 versusSwiftNav Piksi

Scenario Device Multipath
C1/P1 [m] C5/P2 [m]
Static Xiaomi MI 8 8.4 13.2
SwiftNav Piksi 14 1.1
Kinematic Xiaomi Ml 8 102 16.1
SwiftNav Piksi 1.7 13
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C/No versusMultipath

For the smartphone clear relationship between multipath and @i&lo can be established,
especially ina mediumto-high multipath environmentSince the smartphone antenna senses
reflected signals from all directions, the multipath is related to the @tNer than thelevation
angle abserved irFigure 3.12 Two inferences that can be drawn fréigure 3.12a), (b) and

(c) are:

1). The elevation angle does not influence &/Blues and multipath for smartphones. G25 with
a lower elevation angle of 35° as compared to 60° for EO7 had a higher megaf €AN\IHBz

and lower L1 code multipath with an rms of 5.9 m. EO7 had a meagpa@tNrms multipath of
26.5 dBHz and 10.4 m, nesctively. (Figure 3.12(a))

2). There was a general decrease in multipath with increase yv@ltdesas highlighted by the
brownboxes inFigure 3.12b) implying that the antenna picked up reflected signals with weaker
signal strength

3) The L5/E5 signals are transmitted at higpewer levels and chipping ratdhan LYE1 and
therefore shouldhave highereceived C/N and better noise suppression. However, the tested
smartphone shows the opposite with receivedo@Nthe L5 signal for, g., G25 in a medium
multipath environment on an average is 3 dBHz lower than for L1, while the pseudorange
multipath rms for L5 is ~5 m motbanfor L1 as shown ifrigure 3.12(c)The smartphone antenna
affects these signal strength and noise valuésasas sensitive for the L5/E5a sigfianninger

and HelRelbarth 2020)
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Based on this analysis, one way to moded thultipath and its relationship wi@/No is to have
a weighing strategy for pseudorange measurements that consideZéNfhand multipath along

with the pseudorange chippitgngth which is different for the L1 and L5 frequency band.
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Figure 3.12 Variation in C/N o, elevation angle and pseudorange multipath fothe L1 and
L5 frequency for different satellites in a kinematic, medium multipath scenario
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3.2.4 Cycle Slips

Cycle slips affect the precise carr@nase measurements. At any epoch, the carrier phase
measurement comprises the observed accumulated phasand the integer numbeof
wavelengthdN, also known atheambiguity term. The receiver constantly tracks soees of this
accumulated phase/hereas N remains constainthere is no loss of sign@HofmannWellenhof
et al. 2007) Cycle slips are caused by the obstruction in the line satelitgiver line of sight
because of trees, bdihgs, etc.They arealso caused by lowWarrierto-noisedensity ratioand
multipath, which is very common in smartphones due to theglaality antenna. The lowuality
antennain smartphones suffer from frequent phésss-of-lock which cause cycilslips, in which
the float ambiguities must be reset. These cycle slips, if not detaotecbrrected for cause
positioning errors. Currently, the Melbouréubennacombination is being used in théorkU

PPPcode to detect cycle slipdBezmenov et al. 2019)

Figure3.13 shows the cyclslips for4 GPS satellites for a kinematic dataset collected in a forested
area onDOY 67, 208, while skiing The satellite singldifference method was used to detect
cycle slips where the carriphase residuals betwearreference satellite and alhet satellites
aretakento identify a potentiajump in value, which is associated with a cycle.SBPS PRN 31

was takeras the reference satellite as it had the highest ele\atigle It was not possible to use
double or tripledifferencing approachkince the dataset was collected in the presence of a single
receiver.Multiple and periodic cycle slips are observed which can be identified by the black
crosses in the carrigthase residuald/ost of these cycle slips are followed by gaps highlighting

missing measurements as the anédanes a phas®ssof-lock. Further cycle sliplotsareshown
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in Section 3.2.5Understanding the occurrence of cycle slips is necessary since they are the cause

of frequent data gaps which will be discussed in the sestion.
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Figure 3.13. Carrier -phase residuals showing cycle sligblack crossesht regular intervals
for 4 GPS satellitesor a kinematic dataset collected in a remote forested environment
(DOY 67, 2019)
3.2.5 Data Gaps
Due to signal blockages, reflect®or high multipath especiallyin obstructed environments such
asurbanand foreste@reasthe receiveés antenna suffeafrom loss of phase lock receiverloses

track of the signal and takes an average-bfseconds before 4@&cquiring it, causing missing

measurementsThe carrier phase measurements are more vulnerable to signal blockages than
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pseudorangand Dopplemeasurementd achapelle et al. 1992; Curran 2015; Marcgal and Nunes
2016) When the GNSS signal is affected by blockangnterfererce the phasecked loop (PLL)

of the receiver losdock and the carrier phasenot continuougSennott 1999; Ge et al. 2008)

Missing measurements in the logged datse the biggest challenge in processing data from
smartphones. Missing code or canjdrase observationsses rejection of the satellite in PPP
processing. Isuburbanurban or even open sky environments, there are signal blockages due to
tall structures such as buildings and trees anddbeiver antennaantrack a maximum 06-8
satellites There are nsising measurements present for some of the satellites trdokedhny
cases, the total satellitasailableafter filtering out satellitewith low elevation angldpw C/No,

large code and carrigahase residualand missingneasurementare two to threelo generate a
positioning solution in PPP duditequency processing minimum of5 satellites is needesince

we have two ambiguity and an iosppherestate per satellite, besides the receiver coeres.

Various datasets in differentultipath scenarios were analysed to understand the ratio of missing
measurements and their frequency of occurrdndbefirst scenario, which is an ideal opshy

static environment with minimal multipath, it is observed tihere are data gaptrough the
duration of the gaps is small and ithieequency of occurrence is alsmall Figure 3.14 depicts

the trend and percentage of missifgservations for GO8Below the bar graph are dots that
represent the missing observabighose count is being gieted in the bar graph. Bars with
multiple dots connected with a line show the absence of multiple @begs/simultaneously
(Figure 3.14(a))The numbers in red indicate the duration in seconds (epothsdher way of

representinghe trend of missingbservationss to also see which observable is mostly absent.
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Theleft side of thefigure highlights theproportion ofmissing observables in red and thierent
combinatiors with the epocltountare depicted omhe right(Figure 3.14(b)) The conclgion
drawnis that in ideal static scenarios at least 80% of epochs had all the observables present for a

given satellite.
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Figure 3.14: Trend and percentage of missing observables f@808 for static datacollected
in alow multipath environment (DOY 146, 2019

The chta gapanalysisof kinematic datasets aid understanishg the behaviour of the smartphone
measurementsince most applications require a moving user, either walking or driving with the
smartphoneTwo kinematic datasetollectedin amedium multipath environmemteretakenand

the data gaps for differentaellites wereamalysed.For the kinematic track 2ollected onrDOY

325, 20D the observations for G@ite analysed. Is observed that onl§57 measurementsere
present whiclis a meagre80% (657/2189). Figures 3.15 and3.16 depict the relationship between
the missing obsertans for GO1 satellie and cycle slips. Theycle slip plot for GOlwas
computed bytaking G23 as referencBlack crosses indicate cye#ips and subsequent phase

lossof-lock.
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Figure 3.15: Trend of missing observaionsfor GO1 for kinematic data in a medium
multipath environment (DOY 325, 2019 track 2)
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Figure 3.16: Cycle slips(black crosses¥or G0O1 for kinematic data in a medium multipath
environment (DOY 325, 2019track 2)

The graphin Figure 3.15an be interpreted as follows:
A 22% epochs with missing L5 measurements.
A 5% epochs with missing L1 measurements.

A 20% epochs with missing L1 and L5 measurements
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A 3% epochsvith only C1, L1 measurements logged
A 2% epochs witlonly C5, L5 measurements logged

A 5% epochs with no measurements.

The satellite GOlvas also analysed, for data gaifos,track 1 of the kinematic data collected on
DOY 325, 2019. Only®8%(572/202) of the data had all observations preseigure3.17 shows

the maximum missing percentage for ibdeasurement at 60%llowed by L1 measuremerst

45%,
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Figure 3.17: Percentage of missing observables f@01 for kinematic data in a medium
multipath environment (DOY 325 2019 track 1)
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To understand the duration of these data gaps and the frequency of their occurrence, measurements
from GO1for track 1were analyseth Figure 318. For all four measurements show the largest
frequency count for 1 epoch of missing measurements, indicdkling predicting such
measurements will be usefalhavinga continuous solution. Also, as expected the lower duration

of data gaps had a higher frequency of occurrence as compared to the longer dategapser

phase measurements, both L1 and L5draelxtremely large duration of data gaps as well.
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Figure 3.18 Duration of data gap and its frequency of occurrence for GO1 for kinematic
data collected in the medium multipath environment DOY 325, 20D)

In the Galileo satellitesfor EO2 there is a similar trend afhigher number of missing carrier
phase measurements and this pattern is common for all the observed GPS and Galileo satellites

tracked. A surprising trend for this satellite is the fact that taez@oughly 60 epochs where



measurements from the seconeluency are available/hile there are no code and cardrase

measurements from the first frequerasyshown in Figure 3.19.
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Figure 3.19 Trend of missingmeasurementdor EO2 for kinematic data in a medium
multipath environment (DOY 325 2019 track 1)

A second dataset was collected @OY 343 2019 by keeping the Xiaomi phone close to the
windscreen of the caFor the GPS and Galileo constellations, a mean of 56%neasurements
from all the different satellites trackedagafound to be usablavhile 44% of the data had to be
rejected due to missing L1 or L5 observable despite the code measurements beingDaresent
rejectionsin the PPP pr@rocessingGNSS measurements from only 3 satellites could be utilised

during certain periods

Moving on toa high multipath environment, a detailed analysishefdata gaps helps understand
the pattern and relatiammang the trend of observed missing measurements for data collected on

DOY 355, 2019. Figure3.20shows the trend of missing code and caiplease measurements for
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G10for data collected usinipe Xiaomi MI 8 phonewhich was kept in the hand while walking
downtown Toronto for  minutes. Corresponding to these data gdpigure 3.2 highlights the
cycle slips using black crosseBhe number of epochs with missing L1 and L5 caipiesise
observables was higher than the percentage of all measurement.@ebe 28% of epochs had
all four measurements preseniile 68% of epochs haahissing carrieqpphase measurements for

either L1, L5 or both while the corresponding code measurements were present.
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Figure 3.20: Trend of missing observablegor G10 for kinematic data collectedin a high
multipath environment (DOY 355 2019)
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Figure 3.21: Cycle slips(black crosses¥or G10 for kin ematic data collected ina high
multipath environment (DOY 355, 2019)
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The analysis of data gaps and their frequesdoyng with the frequent cycle sligonfirms the
nature of missing observables from smartphones, highlighting the freglbsenceof carrier
phase measurements due to periodic cycle slips and-jusss# lock. The situation worsens as
the multipath increases and in réiée situations wih the phone in hand in urban environmetits

is, therefore,essential to have a reftine measurement synthesis mechanism that fills in data gaps

so thereshould beenough satellites to have a continuous solution.

The analysishighlights the deterioring condition of the quality of the measurements and the
increase in the number of data gaps vathincrease in multipathn realistic environment.
Summarising the analysis, it was seen that approximately 80% of measurements were present in
low-multipath opensky static environmeatwhich fell to as low as 25% in kinematic urban
environments with considerable multipagitoving that prediction is necessary for a continuous
solution in realistic environment$able 3.9 ammarigsthe percentage of missimgeasurements

in different multipath scenario®©bservations from three satellit€1, G10 and EQ2were

analysed and averaged for all three scenarios.

Table 3.9: Percentageof missingmeasurementdor the GNSS measurements from
smartphonesdata in different multipath environments

Scenario All All L1/L5 C1l/C5 Only single
present missing  missing missing frequency
present
Static Low multipath 79 0.2 20 18 8
Kinematic Medium 29-55 6-27 55 22 11
multipath
Kinematic high 25 12 73 22 21
multipath
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Figure 3.2 compares the count of actual satellites available versus utilizable satellites after
rejection for the driving dataset a medium multipath environmeDOY 325, 2019 track 1),
with the no solution portion highlighted with black arrows. On an average 11 satellites were

tracked, but only 5 could be processed after rejections duesting measurements from various

satellites.
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(a) Satellites tracked (b) Satellites processed

Figure 3.22 Satellites trackedversussatellites processed fothe kinematic dataset(DOY
325, 2019track 1)

3.2.6 Correlating Data Gaps withC/No

Understanding the periodicity and the occurrence of the data gaps is crucial itogcegtsategy

to predict them. The underlying effect of the low and irregGlak is visible in the occurrence of
these data gaps. Tivestigatethis, different satellites were observed for 1000 epochs for missing
L1 and L5 carrieiphase measurements, srtbey dominated the count thie highest frequency

of missing observable3he kinematic data collectad a medium multipath environmentere

usedto andyse theelationshipbetweerC/No and data gap3 he red circletn Figure3.23 indicate
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the missing measurements and they identify with a sudden drop @iNbeThe sudden drop in

C/No implies that a signal having suffered from blockage or reflection has been acqinesd

reflected signal has a lower power while the receiver having sdffesm a losof-lock leads to

missing carriephase measurements.ebhoccurrencs of data gapscrease in urban canyons,

forested areas or high multipath environments as shovmuityple cycle slips.

.10’ Galileo PRN 24
2.26 50
2,255 |
S 225¢
o
£
Q2245
ks
5 224
o
22351
223}
2,225 0
0 200 400 600 800 1000
Epochs [sec]
107 GPS PRN 27
216 50
2.15| 40
Q@
w
@
£214 / 30
& /
G 2.13| 20
5
2.12} 10
2,111 . * A . 0
0 200 400 600 800 1000
Epochs [sec]

CIN, [dBHZ]

107 Galileo PRN 24
2.26 >0
2.255 x/‘
40
@ 225/ ‘* W —
@ N
g \ 30 L
$2.245 ool
@ o
® 224 20 £
© O
32,235 /
2.23 /
/
2.225 0
0 200 400 600 800 1000
Epochs [sec]
216 <10 GPS PRN 27
/]
&16 M‘ ‘WM
2 ’
© A i~
& P
9214 // ) %
§ ,/ 2
= =z
Uel
—d

N
~
O

N
-t

1000

o
g

400 600
Epochs [sec]

800

Figure 3.23. Relationship between missing carrierphase measurementéblue) and C/No
(red) in amedium multipath environment (DOY 325, 2019)

Figure 3.24 illustrates the relationship irhigh multipath environmerfior GPS PRN 27 and

Galileo PRN 8Here the number of missing measurements for two different satedldbserved.



The number of missing measurements is extremely high because of high multipath and multiple
signal blockages. Once again, the red circles identify regions of very low egaamC/No values

which correspond to the missing cardrase measurement3his analysis identifies a
relationship betwee@/No and multipath an€/No and data gaps. HenceCé\o-based stochastic

model to weigh measurements is extremely crucial. Mwrer, even in the prediction of
measurements, it will be taken as an error estimate since the quality of the measurements is

dependent on it.
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Figure 3.24: Relationship between the missingarrier -phase measurementéblue) and C/No
(red) in a high multipath environment (DOY 355, 2019)

3.3 Quality Control Customisation

The existing YorkU PPP software had initially been designed for geodetic receivers with low
measurement noise and higiNo. With low-cost receivers, the focus on processing measurements
from them required the software to be customized to handle measurements with higher multipath
and noise and multiple cycle slipSmartphonemeasurements, as described in the previous

sections gffer from multiple issues such as high measurement noise and multipath, low and
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irregularC/No, frequent cycle slipgand multiple data gaps. Moreover, since the measurements are
from the L1 and L5 frequency band, the software had to be custona proess measurements
from the L5 band, which was not previously presé&iso, certain preand posfprocessing checks
had to be applied to ensure the quality and integrity of the positioning solution. They included

elevation andC/No-based cubffs and preand postfit residual checks.

3.3.1 Pre-Processing Quality Control Checks

The pre-processing of measurements is conducted individually for each satellite. Firstly, after
assigning the observables, they are tested for missing measurements. fhequgldiction of
measurements is being carried out for smartphone measurements doeddigtiussed in Chapter

4, there are some extremely large data gaps over which predctiotpossible. Moreover, there

are certain satellites and epochs with measurements from only one frequency present. Such

satellites are rejected in defaéquency pocessing.

Secondly, the measurements are tested to detect any large outliers and subsequently rejected, in
what is called prdit residual checks. The Melbourt¥gubenna is formed to detect any cyslgps.

If the C/No valueis less than the empirically set threshohlue, the satellite is rejected for that
epoch. The elevatieangle threshold is also checkd-or measurements from smartphones, a

C/No cut-off of 20 dBHz was selectddr all multipath environmentSatellites having/No values

less than20 dBHz had about 90-95% of carrierphase measuremenisissing Hence, such
satellites could not be used. Moreover, even if they rarely had a measurement present, the
measurement noise and multipath was extremely high. For the SwiftNav Piksi and othestow

receiwers, the threshold was maintained at Bid since there was no such issue of missing
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measurementskigure3.25 shows the L1 code and carAainase measurements fBPSPRN 22
having aC/No of less than 20 dBHA 9 dBHz). There were no carriggthase measurements present

though 80 % of the code measurements were present.
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Figure 3.25: Relationship between the missing carriephase measurements an@/No

Figure 3.26 shows thathere isno relation between measurement noise and missing measurements
with the elevation angle for smartphones. Two satellites, one with low eleva8dnafid the

other with high elevation (%) were analysed for missing measurements and mezasat noise.

The gaps in the plstidentify missing measuremenis32 havinga higher elevation angle had
12%higher measurement noise drti? moredata gapascompare to E26with a lower elevation

angle. The elevation angle enff was maintained at 10° for all receivers.
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Figure 3.26: Relationship betweenmissing measurementsnd satelliteelevation angle

3.3.2 PostProcessing Quality Control Checks

Once all the measurements have passed the igility control (QC)checks, the solution is
computedwith the requird least sgares filter Residuals are computed and statistically analyzed
for outliers. If any residual does not pass the threshold limit, the corresponding observation is
removed,and the solution is again computddhe recomputation of the solution happetils a
threshold 6 the maximum number of iterations has increased and the solutiorasilhot
converged to a definite threshdi@ill 2018). These postit residual checks are computed based

on an integral multiple of the standard deviation of the code and ealnase measurements taken

to weigh the measurements. Since, for the smartphone processing the multipath noise plays a
decisivefactor in deciding the measuremeaveighting it forms the basis of deciding the pdist
residual check, decided after an empirical anal¥/sisthis researclit wasempirically setat 10.47

scaled by tha priori measurememweightingfactor. Thisvalue wasempiricallysettled upon after

testing several datasets collected in a low and medium multipath environment.
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Chapter 4 Measurement Prediction

In amedium tohigh multipath environment, tHew-cost anctorrespondinglylow-quality GNSS
antennain smartphongcause the carrigghase measurements to suffem frequent cycleslips

due tophasdossof lock-leading to data gaps as discussed in Chapf€o &nsuregheincreased
availability ofthe positioningsolution in realistic enviraments, aneasuremergrediction strategy

has been devised femartphoneslo prevent the complete rejection of the satellite in such cases,
measurement prediction can be carried out for a few epochew to medium multipath
environmentsHowever, n urban landscapesr heavily forested areathe data gaps can exist for
several tens of epoclad occur frequentlyin such cases, it is best to reject such satellites and

most of them do get rejectedlle to lowC/No values, as described in Chapter 3.

This chaptecontainsa background on the different measurement prediction techniques, provided
by variousresearchetrswvhich focus on carrigphase measuremeniBhese techniques are tested

for the prediction erroffor several datasetginally, a final pediction technique is adopted, based

on extrapolation. Different kinematic datasets are tested for the efficiency and quality of the
predicted solution.Thoughprediction forboth the pseudorange and carphiasemeasurements

has beenmplemented in the code, the primary focus has been on ephdse measurements
sincethey are more vulnerable to signal blockages and missing measurébaahtapelle et al.

1992; Curran 2015; Marcal and Nunes 2016)
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4.1 Carrier -phase measurement prediction

Smartphones with cheap antennas and phase lock loops in receivers have cycle slips affecting
carrierphase observations, even in ol conditions. Various research studies have proposed
cycle slip detection and repair methods to avoifixiag ambiguiieswith hardly any reference to
missing measurements amgdercomingdata gaps Common methods of cycle slip detection
include polymomial fitting (Wang et al. 2016)high-order differencng (Hu and Fang 2009)
pseuderange and phase combinati¢Bisnath 2000, Kalman filteing (Liu et al. 2018)and
ionospheric residugFan et al. 2015; Chen and Huang 20T8)ese methods are effectifa a

small number of cyckslips however, they do not account for the data ga#dter signal recovery,

the receive takesapproximately3 seconds to racquire and track the signal and udltbto12
seconds to renter the frame synchronization to ensure the integer characteristics of carrier phase
observationsSeveral way$ave beesuggestedo correctthese missig measurements. The first

is the prediction of carrigghase measurements by estimating the cabagpler shift between

the satellite and the receiver between two epothes.seconds anL1 backup navigatiomodel

in the event of intermittent loss dfd L2 signal

4.1.1 Carrier -Doppler Estimation Technique

If the time of blockage is shogredicted measurementgy be helpful tincreasaheavailability
of the carrier phaseeasurementdA few researches havedevelopedcarrier phase prediction

methodsfor PPP in difficult environmenisThe predicted carrier phase can be obtained by
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integrating the predicted Doppler of the blocked satellite, which is given by the eqiiagbml.

2019)
n n . &£ AO37n 4.2

where
U+, kar e the carrier phase at epoch k + 1 and
fpredictiS the predicted Doppler of the channel.

op (is the carrier phase estimation error.

The measured Doppler of the receiver is mainly compogddur parts: (1) Doppler caused by
relative motion between the satellite and the receivercl@k drifts of the satellite and the
receiver; (3) change rate of the propagation path datey(4) thermal nois€Li et al. 2019) The

Doppler frequency caused by the clock drift of the satellite, the change rate of the propagation path
delay and thermal noiserelatively smallovera shortduration Hence, th@®oppler caused by the
relative motion of theaceiver and satellite along with tB®ppler caused by the clock drift shall

be taken into consideration to predict the caifbieppler, which will then be integrated to predict

the carriefphase measuremeiithe predicted Doppler can be expresseflLiast al. 2019)

£ K /E i3 £ K (4.2)
£E — E K (4.3

where
fmoveis the Doppler caused by the relative motiothefsatellite and receiver.
feockkaritiS the Doppler caused by the clock drift of the receiver.

frLL IS the Doppler measurement obtainedHtwycarrier tracking loop.
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p, v arethe position and velocity dhe receiverrespectively.

p', v' are the position and velocity of tifésatellite respectively.

ais the carrier wavelength.

To predict the Doppler, it is necessary to estinfai®e and feiockdrit for each channel. The
positioning module of the receiver can output the position and velocity of the receiver and the
satellites.Since the Doppler caused by receiver clock driftstlaeesame in all satellite tracking
channels, the clock drifts obtainemin normal tracking channels can be used to assist the open
loop tracking channels. With iMU measuremenjshe estimation of the velocity diereceiver

is crucial to the effectiveness of this techni¢8éva 2013.

4.1.2 L1 Backup Navigation Model

Research on synthesizirmarrierphasemeasurements hadso been carried ouby Yang et al.
(2003)for L1 backup navigatio in the event of intermittent loss of the L2 signal. A tkstede

Kal man ylter is wused for each GPS satellite.
satellite, L1 and L2 observables are used to estimate ionospheric refraction delay, dekaydrat

a combination of integer ambiguities on L1 and L2 carrier phase measureftentechnique
described here could be applied to synthesize L1, L2 or L5 measurements if any one of the three
frequencies is retainedl'he missing measurements at onehef frequencies can be synthesized

using the measurements from the retained frequency that was ndheginospheric refraction

e e areé rmodelledwhicharecorrected by the measuremetdakenwhenboth frequencies are
available. When the measurengif one frequencyre missing, the divergence between the
retained code and carrier phase measurements can be used to detect slowly changing deviations

from the ionospheric refraction model.
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The pseudorange and carrier phase model for both L1 aodriLbe written afrang et al. 2003)

m i 0O =0 s (4.4)
m i 0O -0 s (4.5)
n 61 1 0 -0 g (4.6)
n 01 1 0 -0 g (4.7)

with } being the pseudorange, rr- bei ngnbdingthe tr ue

common error that can be removed by differential technique, f being the carrier frequency, |

—8, TEC being the ionosphere del ay, d being

being the carrier phase noise and multipatbreDifferentiating, the common errorare removed
andestimate®f the ionosphericorrected psudoange carrierphaseand ionospheric modetse
produced.When both L1 and L2 measurements are available, the dynamic model and the
measurement modaelill contain both the measurements when only L1 measurements are present,
the measurement model will change to excludéllBen L2 measurements retutine L2 carrier
phase measurememntdl have acycle slip. The slipped cycléiN, and the new0 } 01 can
be recalculated as:

10 1 €06&n 3N (4.8)

61 01 61 0 161 (4.9)

Theprocess is called the floating ambiguityingialization after signabutagesand itavoids the
long process of determining thew value of the floating ambiguity via filteringjhe L1 backup

navigationtechnique is good in scenarios where there anmissing measurements from the L1
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frequency. However, it is not as effective for smartphones since measurements from even the L1
frequency are missinglherefore, forthis research, both carri®oppler and logged Doppler
estimates andimpleextrapolation will be discussed and analysed for positioning accuracy of the

final solution.

4.2 Implementation of Prediction Algorithms

In section 4.2.1to 4.2.3, wo methods of carrigphase measurement prediction will be analysed
and tested focarrierphase measuremeprtediction erroffor different satellites.

1) Predictingmissingmeasurements usirtge estimated andlggedDopplervalues

2) Predicting missing measurements using the estimated and logged Doppler values

3) Predicting missing measurenigmising a simple extrapolation technique

4.2.1 Predicting Missing Measurements usindgestimated Doppler
Measurements

Carrierphase prediction is done using predicted cabDm@ppler estimations based on the relative
position and velocity of the receiveoncerningeach satelliteThis technique of prediction has
been adequately described in Section Bitie predicted Doppler for each channel is given by

Q0 0 (4.10)

Q 0 = (4.11)

In other wordsthe Doppler shift in Hertz is relatéd radial velocity by:
$ - (4.12)
where D% measured Doppler shift for generic satellite (Hz)

91



vi: radial component of the difference between the satellite and the antenna velocities (m/s)

& carrier wavelength (etreg

The position and velocity estimates of the receiver are used from the previous epoch to update the
current epochA recordis maintaired of the position and velocity of the previous epochs argl it
usedto compute the carrier Doppler estimations for each epoch, irrespective of whether it is
necessary to predict the carr@rase predictions or not. By doirsg, as soon as a missing
measirement is detected, the carfrase prediction is available to be calculated from the
estimated carrieDoppler. To verify the accuracy of this positioning technique, several satellites
were analysed for the error in their predicted caplase measament. Different satellitesome

with no outages, andtherswith short outagesvere chosen. Artificial outages were created for
durations varying from -5 seconds. The carriphase measurements were predicted over these
outages and then the differesceere compared with the original measurements to verify the
accuracy othetechnigueThe most important value to be estimated in this method is the velocity
of the receiver phaseentresince the other estimates can be computed. The velocity of the receiver
phasecentrei s vari abl e, as the receiver may stop,

receivers moti on.

Take the example of a 20 second period for data collect&th@matic mode oDOY 325, 2019,

for G 27. The carrieqphase measurement L1 from 0 to 20 epochs was considered and gaps were
synthesised which were then filled by using #dséimated Dppler measurements to predict the
carrierphase measuremenigure4.1 (a) shows the carrigthase measurements (in metres) for

the first 20 epochs whil&igure 4.1 (b) shows the same plot after certain measurements were

artificially removed.Figure4.1 (c) shows the synthesised carpbase measurements using the
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estimaed Doppler measurements whileigure 4.1(d) represents the prediction errofhe
prediction shows an error of up to a feams ofmetresfar fromideal forPPP processing, though
each time a measurement is available the filter is syitaisrected Similar results were obtained
for the L5 measurementand different satellites.Using estimated Doppler measurements
computed from relative position and veloaiehighly dependent on the accuracy with which the
velocity of the car is estimated at differentrge. The focus of thiesisis GNSSonly processing
and hence, the use of measurements tf@rinternal smartphor®U are not considered. Thus,
the predictionestimates may be in error by a few meti@ss Dopplerpredictiontechnique has
produced similar results for Silf@012)who used a Pr&lex GNSS receivealong with a uBlox

receiver and diained errors ranging up to several tens of metres in the prediction.
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Figure 4.1: L1 carrier -phase prediction using estimated Doppler measurements for G27

4.2.2 Predicting Missing Measurements using Logged Doppler
Measurements

The magnitude of error in prediog code and carrigghase measuremertig using the Igged
Doppler measurements was also teskédure 4.2 depictsthe relationship between the logged
Doppler measurements and the changkelirand L5 carrierphase measuremen(sycles)over
successive emphs. It was observed that sudden spikesjumps in the loggedDoppler
measurementassodite with missing carriephase observatioss seen in the plot for GOlsing
these irregular doppler measurements to predict missing ephase measurements will lead to
alarge error in the predicted measurements. Moreover, in kinematic medium to high multipath
environments, the logged doppler measurements were itgetfontinuousas identified by the
green circle on the plot fde11 Though thecarrierphase measurements were presgrgpoch
40, the Doppler measurements were abdemegions of high multipath and signal blockate
gaps for the logged Doppler nsesmements is larger than the gaptive E5acarrierphase

measurementas is seen for E3Qror G32 the spikes in the logged Doppler measurements
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corresponded to missing carAginase measurements for 25 secanas though the satellite had
a mean elevatio of above 70%and a mearC/No of 25 dBHz.The lack of L1 carriephase
measurements in such a scenario could be attributed to thekivantenna which was unable to

reacquire tracking of the L1 carriphase measurements after a potentiatébdsck.
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Figure 4.2: Relation between missing carriefphase measurementéblue) and logged
Doppler measurementgred) in a kinematic scenario(DOY 325, 2019)

4.23 Predicting Missing Measurements using ExtrapolationTechnique
The extrapolation tectique is a simple mathematical methafdpredicting a value based on the
trend and change in the past values. It could be linear, cubic, quadratic and so on. For this analysis,

the linear ad cubic extrapolation teciques were tested for prediction errdhe linear regression
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model is a simple mathematical technique that computes the slope based on the past measurement
and usest to predict the next measurement. If the epochs are takéraad the carriephase /

pseudorange measurement is taken as Y, then

« — (4.13)

W

(4.14)

where n is the number of past measurements considéreckxtrapolated measurements are taken
into consideration if the gap is greater than an ep¥dk.theindex to count the number of epochs
Y is the value of thebservable being predictethhe next measurement at x can be predicted as

O Gz (4.15)

Thecarrierphase measuremerits Galileo PRN 8n akinematicmedium multipattscenaricare
analysed in Figure 4.3(apimilar outages ranging from-2 sec were simulated and the
extrapolation techniques testedas shown inFigure 4.3(b). There were prexisting data gaps
during epoch 3 and 2@rtificial gapsaresynthesised and filled with predicted values using the
differenttechniques to test for the strategy with the least magnitude of predictionDafferent

v al u e saretedted 0 defermine the size of the window or number of past epochs that should
be considered to predict the next measurement. Since the ratigeroéasurements lies in the
range of 10, it is difficult for the naked eye to observe any differences in the prediction error for
different values of nOverall, the linear extrapolation technigue using the past two measurements
yielded the least possilprediction errorUsing a linear extrapolation technique with 2 past
measurements gave a minimal rms prediction errordofnlwhichincreasedo 1.6 m for 3 and 4

measurements, 2m with 5 measurements and2n with cubic spline extrapolation.
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Figure 4.3: Predicted L1 measurements and prediction error using different extrapolation
techniques for Galileo PRN 8(DOY 325, 2019)

Several other satellites were tested toheck for the prediction error and the best possible
extrapdation technique to be usethe carrierphase measurements featellites GPS PRN 25
and Galileo PRN 2@redepicted inFigure4.4 and 45. Using a linear extragator with 3 past
measurements, a niimal rmserror of57 cm was seen in tharedictionwhich grew to94 cm with
2 measurementand to 1.7 m using 5 measurements, for GPS PRN ZBhe cubic spline

extrapolationhad an rms error of 3.1 m. The Galileo PRN 26 L5 carrigthase measurements

97



already had a data gap peat at epoch 1The linear extrapolator with the past 2 measurements
gave an rms prediction error of 15.9 cm over the 4 epochs (epo@ds Riclusive) of prediction
while the prediction erresrusing 3 and 4 measurementsr&2.8 and 2.6 m, respectivelf¥he

cubic spline extrapolation yielded an error of 3.5 mitfor
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Figure 4.4: Predicted L1 measurements and prediction error using different extrapolation
techniques for GPS PRN 25DOY 325,2019)
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Figure 4.5: Predicted L5 measurements and prediction error using different extrapolation
techniques for Galileo PRN26 (DOY 325, 2019)

Based on the analysis, it was concluded that the best possible predictiorswith linear
extrapolation using measurements from the previous two epdtieslinear extrapolation
technique using the past 2 measuretsi@esulted in the least amount of prediction error as
compared to the other extrapolatitechniquessuch as the cubic splinechniquesince the
variability in the magnitude of measurements changes drasticalgr successive epochs for
smartphone GNSS @asurements collected in kinematic scenarios. It is best ta ms@mum

number ofmeasurements from thast epochs to predittie next measurement

The carrierDoppler technique was plagued with the problem of unforeseen variability in the
dynamics ofthe receiver movement which could not be accurately modelled in a local Kalman
filter. The logger Doppler measurements suffered from data gaps them$akisplementation
of thelinear extrapolation technique aspreliminary stefin the direction okolving the data gap
problem. It g@ve cmdm level prediction errofor prediction of up to 5 epocha a kinematic

medium multipath environmenEuture implementation will work on implementing higioeder
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extrapolation technigqeand filling in data gaps for at least up to 10 seconds in medium to high

multipath environments.

4.3 Assessment of the Performance of Prediction on Kinematic
Data

A kinematic datasetollected ina medium multipath environment wassessed for positiorg
accuracy and availability of the solutithefore and after the implementation of the prediction
technique The smartphone was placed on the dashboard of the car while HvesoBwiftNav
antenna connected to the SwiftNav Piksi receiver was on thpooff the carThe base station
comprised a TopcoNET G3Aantennaglaced on Petrie rooftopigure4.6shows the horizontal

track for the kinematic driving dataset before and after prediction. This dataset was analysed to
compare the availability, accurgand convergence of the positioning solution before and after
deploying the prediction technique ansgingthe RTK processing technique. The red boxes in
Figure 4.¢a) indicate the periods of no solution without any-precessing and conditioning.
Figure 4.6(b) is the same plot after the prediction. The average number of processed satellites
increased by 42% to 7 per epoch as shoviaigare 4.6d). Finally, the solution was plotted against

the SwiftNav Piksi RTK reference pl{figure 4.6()).
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The horizontal positioning error for the two scenarios was compared and the standard deviation of
the horizontal positioning error was computed with the SwiftNav Piksi solution as a reference.
Figure4.7 (a) and (b)ndicate the horizontal positioning erraver the entire solution and certain
epochs, respectivelgfter prediction which shows a decrease of over 5 m in the std of positioning
error. An important point to be noted is that the phase centres of the SwiftNav and the phones were
not aligned. The SwiftNav antenna was on the roof and had better signabiditiaiehile the
smartphone was inside, on the dashboard of the car (to mimic the real usage of a smartphone while
navigation), which implies that there should be at least a metre offset in the solution and that the
number of satellites tracked by the stphone antenna is limited by its position within the car.
Moreover, the data collected by the smartphone is limited to 1 Hz, while the SwiftNav Piksi can
log data at 5 Hz. All these factors must be taken into consideration while comparing the positioning
solution. Hence, the overall objective was to compare the positioning solution accuracy before and
after prediction and against the solution offered by positioning techniques such as Rétdiled
comparison with the RTK technique will be done in Chapterhe predicted solution gives a
solution with a 99.8% availability, but also increasesatt@iracyof the positioning solution by
several metres, especially during satellite blockages at turns or intersections ad-sgpene ih.6

(e). Comparing withthe RTK solution, it was observed that only 2114 out of 2189 epochs could

be processed (96%) and the RTK solution had a horizontal error with a standard deviation of 8.2
m. Hence, a prediction technique could be beneficial for RTK processing of smartBiNsgs

measurements, as well.
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Figure 4.7: Horizontal positioning error before and after prediction vs the RTK solution
for the smartphone (DOY 325, 2019track 2)

Table 4.1: Standard deviations of the horizontal positioning error and availability of the
solution before and after the prediction br the PPP technique compared with the RTK
solution for the Xiaomi Ml 8 (DOY 325, 2019track 2)

Scenario Horizontal standard  Percentage of solution

deviation (m)

Before prediction - PPP solution 14.7 2149/2189 = 98.2%
After prediction - PPPsolution 9.6 2184/2189 = 99.8%
RTK solution 8.2 2114/2189 = 95.6%

Since the smartphone antenna was inside the gaas Kulnerable to signal blockages by external
traffic and buildings, especially when the car adnThe linearly polarisedntenna suffers from
phaseossof-lock and code multipath is enhanced by reflections due to the windshield and the car
interiors. Two portions of the track between (a) epochs 1200 and 4408(b) 1400 and 1600
were selected to analyse the effectivemésise prediction strategy in areas most affected by signal

blockage and multipath. The selected section, highlighted in gndéigure 4.6e), is shown in
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Figure4.8(a) and (b) The chosen section was analysed for the horizontal positioning error. The

major conclusions were:

1. After the prediction, there was a continuous solution with no outages, especially when the
car turned.

2. There was a 55% decreasethe standard deviation of the horizontal position error for
Figure4.8a) from 5.2 m to @2 m and a 54% decrease after the use of the prediction
technique from 4.6 m to 2.1 m férigure 4.8(b). Before prediction, frequent outages
increased the convergen and reconvergence time of the solution, decreasing the
accuracy of the solution.

Figure4.9 highlights the portion of the gaps in solution beforedirtion and the large magnitude
of the horizontal error as the car turned and in areas where multipath affected the measurements
considerahl. Overall, the prediction strategy improved the position availability and accuracy and

reduced convergence andaenvergence time.
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Figure 4.8: Selected portions of the kinematic track before and after applying prediction,
(DOY 325, 2019track 2)
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Figure 4.9: Horizontal positioning error for selected portions of the kinematic track before
and after applying prediction (DOY 325, 2019track 2)

Overall,with the help of the prediction technigulkere was a reduction of approximately 5 m in
the standard deviationf the horizontal positioning error because of the improved convergence
and increase in the availability of satellitéiswas possible to achievesarly 100% positioning
solution availabilitydespite the missing measurements and satellite rejectsavenl other
datasets were tested using theshniquesince it wascrucial to test the datasets with the
implementation of the stochastic modeld prediction techniquéhe results forthese datasets

will be displayed in Chapter.5
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Chapter 5 C/No-basedStochastic Model
Enhancement

Measurement weigimg parametes are an important aspedf PPP processing of raw
measurements and are used to asaigriori weight to the code and cardphase measurements

in the measurement weityhg matrix. Typically, thesenveightingparametesarebased onhetype

of measurement and quality c#ceivers.Carrierphase measurements, being more precise and
with less noisaregiven higher weighting compared to code measuremehite the weighing

also deperslon the quality of the receiver. the majority of GNSS software implementations,
pseudrangemeasurementsre treated as 100 times noisier than carrier pH{Esesnierski et al.

2018)

There are a fewa priori measurementveighting schemessuch as static weight assignment,
elevaton-based weigting, and theC/No-basedveighting TheC/No-basedwveightingtechniques
primarily preferred for th@ew generationf low-cost receiversThe literature containgifferent
modek to weigh measurements from les@st receivers such as smépes which do not have
much correlation witltheelevation weigting parameterunlike geodetic receive(sangley 1996

Banville et al.2019)

This chapterdiscusses research tie different stochastic modehndthe implementation of a
novel stochastic model that takeéke code and phaselultipath noise,C/No and chipping

length/wavelength it consideration. The development of the moded its impact on the
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positioning solution in comparison with other stochastic magteldiscussed. Finally, positioning
solutions obtained after implementation of the prediction and stochastic model widdsnted

and the overall increase in position accuracy arailability will be quantified.

5.1 Research on Different Stochastic Models

Typically, a function of satellite elevation has been used for observation weighting in GNSS
positioning and has beeraditionally used for processing measurements from geodetic or survey
grade receivers. Then, priori standard deviation of the pseudorange is derived adopting zenith

code st an d ap ahd sdtellieielavatioro(el) ag falloRaziewski et al. 2019)

A — (5.1)

Another elevatiordependentveightingscheme suggested by Banville et(2019) is as follows:

A — (5.2

where/ is the precision of the observation at zenith and E is the elevation angle.

Since the carrieto-noisedensity ratio is one of the key indicators assessing the quality of GNSS
observations, this ratio can be alternatively and efficiently employed for stochesdielling
(Hartinger and Brunner 1998; Braasch and van Dierendonck .1B6Phighgrade survey or
geodetic receivers, both approaches (elevation @Ad-dependent)show a comparable
performance due to a clear relationship betw@A and satellite elevation angle. However, a
clear benefit fronC/No-dependent stochastic models is obtained in sigegiaded environment

with high multipath(Medina et al. 2018whele the smartphone antenna is unable fipRssS it.
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In this case,a priori code standard deviation factor used in the weighting process can be

approximated by the following equatifibangley 1996)

A —1 (5.3)

7,

where C/No is the carrierto-noisedensity ratio which equalsp m for C/Noi n d BHz, =3
corresponds to a wavelength of C/A ecéte (29.305 m or 293.05 m for L1 and L5, respectively),
Bdenotes the equival ent code | oop noise band
(delay lock loop) discriminator correlator factor. Lang(@996)definedt he val ues f or
but theyarefor geodetic or survegrade singldrequency GPS receiver research conducted

by Paziewskiet al(2019) it was noticed that there was a slight azimuthal asymmesryell as

the presence of patches of low signal power or even lack of signals for a mobile device, which are
absent in the case of higjnade receivex The aboveobservatiors aligned with the investigations

of Humphreys et al. (2016ho indicated a high impact of multipath affecting smartphone

measurements.

There are also techniques based on the quality of satellite orbits expressesigmafg-space
ranging errors (SISRE) and GINSISRE isa quantity to describe the uncertainty of a
moddled GNSSpseudorange due to broadcast orbit and clock efforssmartphones and other
low-cost receivers, even signals from high elevation anglessaffer from multipath due to
reflection from all sides, an@arrierto-noisedensity ratias an ideal parameter to be usedha

stochastic modelling. Measurement noise; ,A TA TA ,ofthe CA-code range and carrier

phase measurementzanith is directly proportional to the square of the pseudorange chip length,

1 4+ orcarrierwavelength /1 ¥1 andinversely proportional to tlearrierto-noisedensity
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ratio, C/No (Braasch and van Dierendonck 1999; Bona and Tiberius 2000; Bakker and Tiberius

2017)

Banville et al.(2019)have also suggestedeasuremenweightingusing aC/No-basedstochastic

model given lg:

> X
, O GrpTr (5.4)

w h e rigthelprecision of the observation at zemititl coeffitents a and b are estimated from
filter redduals. They used a Huawei Mate 20 smartplaiteched to the mast of a pole as part of
a static open sktestandconcluded that the stochastic model could play a crucialrrdbsv-cost
GNSS positiomg. Weighed observations usi@No valuesreduced position errors by 50% over
the standard elevatidmasedwveightingthat assigned same weights to observations from different
constellations.They also concluded thaitting code residuals to a CéMlependent function
provided improved codbased positioning results and, therefoesulted irsmaller errors for the

initial epochs of PPP solutiofBanville et al. 2019)

5.2 A priori MeasurementWeighting Assignment

Low-cost receivers such as smartphones have more measurement noise and multipath affecting
the rawmeasuremenwhich is closely reléed to the irregularity in th€/No values.C/No values

are logged in the observation files and are different for the two frequencies trackgd/Nphe

based detection metricze preferred for these lewost receiversalong with other monitoring
techniques that are more sensitive to medium and-defey multipath. For a given signal

modulation and reflection path delay, B8y value will be affecteanoreby lower chippingrate
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signals such as GPS L1 C/A and Galitebthan for high chippingate ones, such as GPS L5 and
Galileo E5(Groves et al. 2013; Pirsiavash et al. 20F0r geodetic receivers, thigeightingis

based either on widely used static values, with the standard deviation of the code measurements
being 1 metre and carriphase being 0.01 metre derived from the elevation value of the
satellite. The standard deviation of the code and cgghase measuremensinginversely based

on the sie of the elevation value. Ultimately, the measurement weight appliedswaitie the
elevation angle sucthat satellites with higher elevatioaceivea higher weighting of their code

and carrieqphase observablasmcesignalsfrom satellites at high elevation angles have lessynois
measurementsHumphreys et al. (2016)investigatedthe sky plotsdepicting the azimuthal
elevation dependence GFNo valuesand observed thdhere is a slight azimuthal asymmetry as
well as the presence of patches of low signal power or even lack of signals for a mobile device,
which are absent in the caseadfiigh-grade receiverde concluded there waskagh impact of
multipath affecting smartphone measurementsd was the primary ogponent of the

measurement noise found in the GNSS measurements from smartphones.

The postfit residualsfor the smartphonéawe astronger dependence &iINp rather than the
elevation anglewhile the SwiftNav residualare directly impacted by the elevation anglehe
resultsfor three satellites observed during the entire duration of the data collactiggiven in
Figures. 5.1 which suggestthat the application ai C/No-dependent weighting scheme seems to
be more appropriate thamelevationdependenbnefor the smartphond-or the smartphonehe
postfit residuak for Clremained uniformly distributedcross differentlevation angles for the
three satellitesHence, there i®o clear evidence of elevation angle impacting the positioning

solution and quality of the measurements from smartphéf@sever, there is a decrease in the
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magnitude of the residuals for sateli&®1 having the highest C{Nalue as shown in blu€©n
the other hand, for the SwiftNav Pikaidecrease in thmagnitude of the residuals with increasing
elevation angles observedvith EO1 having the least residual magnitu@urprisingly, EO1 had
the highest residuahagnitude for the smartphone, confirming the lackatélliteelevation angle
playing a role in the quality of measurememsri smartphones.
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Figure 5.1: Postfit residualsC1/P1as a function of elevation angle and C/jNfor Xiaomi Ml
8 and SwiftNav Piksi(DOY 146, 2019

The general equation to estimate the standard deviation of the code and-ptaser

measurementsidopted fronBanville et al.(2019) is as follows:

> e
, 0 QZp T (5.5
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(@)}

1T o610 I s tweightingparametefarrthe code or carrier phase measurement in metres

T 6adé i s the rms of noidefer cquenecasdremertswiike itislimited i p at |
to the quarter of the wavelength for candrase

T 6b6é is the pseudor a-codeer cartiephage waveendthefor gopdeh o f

and carrieparametes, respectively.

1 &C/Nobis thecarrierto-noisedensity raticof the signal in dBHz

The estimated values from these computed standard deviagoessed in the priori weighting

of the co@ and carriephase measuremenEor the code measurements, 'a’ was derived using the
rms of the pseudorange multipath ndisedl dataset Forthe mannequin dataset (static testing)
presented irsection 5.30 amMas6 m for the 11/E1code measuremenasid 7.5 m for th&5/E5a
code measurements:or the kinematiariving dataset presented in Section ®4amas8 m for

the L1/E1code measurements add m for theL5/E5acode measuremenk®r the carriephase
measurementshe multipathnoiseis limited © aquarter of a wavelength for geodetic and other
low-cost receiversi-or smartphones, however, it is highldence for static testing, thalue of
6ad was 10 crmfortbaethdL1EL and L5/E5acarrierphase measurements.was ideal
taking 1 m inkinematic medium to high multipath scenargace the uncertainty due to the
prediction in the carriephase measurement leads to an erroaroind1l m. For the code
measurements, 'b' is the pseudorange chipping length of C/A code wheéhrisfar L1/E1code
measurements and 29.3 m for L2 andd5code measurements. For canpérase measurements

it is the carrieqphase wavelength, which18€.05 cm for L1, 24.45 cm for L2 and 25.48 cm for L5

measurements.
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An elevationbased model hagkn used for assigninmgeightingfor measurements from receivers
other than smartphones in the YorkU PPP softveareéis used for processing data from the
SwiftNav receiver. The standard deviation of the code and caii@se measurements can be

defined s follows:

” —_— (5.6)

" — (5.7)

where

Ueodels the weight assigned to the code measurement
UphasdS the weight assigned to the phaseasurement
ele is the elevation angle of the satellite

Usap/sdcdS thea priori weight assigned to the measurements based on the quality of the receiver.

For IGS stations, the typical noise level of the pseudoraregsurements around 0.3 m while,
atlow elevation angles of around 10°, the pseudorange noise reaches afioGrdRor carrier
phase measurementie noiseevels are aroun®.003 cm. For low-cost receiver such as the
SwiftNav Piksj the pseudorange noise reaches ard48th at low elevation angles of around
10°. For carrierphase measurementhe noisdevels are aroun@.02 cm. Basel on the values
that the function takes for these specific elevation angles, agivd$a functiorthat follows the

expected noise level for elevation anglé€.90
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5.3 Assessmendf the Performance of theC/No-basedStochastic
Model onStatic Data

The static datasebllected with the phone clampedtothe hand othemannequin was processed
using three different stochasticmodels to assess positioning accuracy and residual magnitude.
These models are Hatic stochastic modelling; Zevationbased stochastic modellingnd 3)
C/No-based stochastic modelling. For #tatic weight assignmeré m and 1 m was selected as
the a priori weighting factor for the L1/E1 and L5/E5a code and caipiease measurements,
respectively. The elevatidmased measurement weight assignment used the residuals to estimate
thea priori weights.For theC/No-basedneasurement weight assignmesin for the L1IE1code
measurements, 7.5 m for the/ESacode measuremen#nd0.1 m for the LYE1 and L5ES5a
carrierphase measurementsere emprically chosen as tha priori weights for the coel and
carrierphase measuremenighe PPP solution from the SwiftNav Piksi was taken as reference.
An elevationbasedweighting strategy wagmployedto process the GNSS measurements from

the Piksi receiver.

Figure5.2 compares the horizontal and vertical positioning accuracy and convergence time for the
three stochastic modellingnethods. The horizont&2D and 3D positioning accurades after
convergncearealsopresentedn Table 5.1Dualfrequency L1/E1 and5/E5a code and carrier

phase measurements from GPS and Galileo were proc@dsectonvergence thresholdas

chosen to be 1 mince the desire was to achieve-suétre level positioning accurg PostC/No-

based stochastic modelling the dataset converged in 58 minutes as compamihtaés for the
elevationbased model and5 minutes for the static stochastic mod@&he C/No-based

stochastically modelled datonverged to a horizontal rms of 0.7aompared to 0.8 m for the
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statically modelled data and 0.9 m for the elevahagsed stochastilly modelled dataMoreover,

the C/No-based stochastically modelled data had the least 2D and 3D initialization eshowas

using the red line in Figure 5.2.Hence, he C/No-basedstochastic modekhowed better

initialization, convergence aritle least 2DRMS and 3DRMS errors.

- Static stochastic modelling

il - C/N0~based stochastic Modelling
Elevation-based stochastic modelling
- SwiftNav
3 13
15
E 21
S
5 1t = = s SN o e
c10 - :\/"“/(\\,,4 4
o ' N .
= HeTi . — ‘
o 0 -
- 0.9 1 11 12 13 14 15
% 5 ‘ \ Time [hr]
N .
SR WA
= ; i .
AR
0 | ——
0 0.5 1 1.5 2
Time [hr]
(a) 2D

3D Position error [m]

-k
o

o

- Static stochastic modelling
_— C/No-based stochastic Modelling

Elevation-based stochastic modelling

- SwiftNav

1 AN

M\
0.5 1 1.5
Time [hr]
(b) 3D

2

Figure 5.2: 2D and 3D position plots using the three different stochastic models compared
against the SwiftNavPiksi (DOY 146, 2019)

Table 5.1: Positioning error using the three different stochastic models for the smartphone

Scenario

(DOY 146, 2019)

2DRMS (m)

3DRMS (m)

time (min)

2D convergence

Static stochastic modelling 0.8 1.4 75
A Xiaomi Ml 8
C/No-based stochastic 0.7 1.3 58
modellingA Xiaomi MI 8
Elevationbased stochastic 0.9 1.7 74
modellingA Xiaomi MI 8
Elevationbased stochastic 0.1 0.2 9
modellingA SwiftNav Piksi
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The residuals obtained in the statieightingcase clearly with higher rms values;engfore the
need of using a stochastic model that takes both multipath noise fateand chippingength

or wavelength into consideratioM.able 5.2 represents thgostfit residuals for the four
observables using the three different stochastic motleésresiduals using the static model were
the nosiessince they were randomly selected without analysing the noise, multipagsicuals

of the dataset. Such a model can cause higher residual magnitude with other datasefsidirihe
values chosen do not correspond with the quality of the measuresmserds be seen for the L1
and L5 carrieiphase residual3.he C/No-based stochastic mddead a lower residual magnitude

than the elevatiobecause it ensured measurements with higher hatsa lowea priori weight.

Table 5.2: Rms of thepost-fit residualsusing the three different stochast modelsfor the
smartphone (DOY 146, 2019)

Scenario Postfit C1 (m) Postfit L1 (cm) Postfit C5(m) Postfit L5 (cm)
Static stochastic modelling 13.8 32.7 2.3 120
A Xiaomi MI 8
C/No-based stochastic 4.3 6 19 4.3
modellingA Xiaomi MI 8
Elevationbased stochastic | 5.2 9 2.1 6.1
modellingA Xiaomi MI 8

Overall, the C/No-based stochastic model incremspositioning accuracyand decreases
convergence time with less residual n@setconsiders the measurement qugh&yametersThe
C/No-based stochastic modalong with the prediction technique will now be applied an

kinematic dataset and will be used to obthmfinal positioning solution
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5.4 Assessmendf the Performance of Measurement Prediction
and the C/No-based Stochastic Model on Kinematic Data

The kinematic dataset collected while driving in a medium multipath environment on DOY 325,
2019 (track 1), was analysed for positioning accuracy andi@olavailability (a) before the
application of the C/No-based stochastic model and prediction techniqig after the
implementation of th€/No-based stochastic model but no predictemd (c) after the application

of the C/No-based stochastic modeldaprediction.The base station comprised a TopdtaT

G3A placed orthe Petrie rooftop. As mentioned in Table 3.3, the smartphone was placed on the
dashboard of the car while the lamest SwiftNav Piksi antenna connected to the SwiftNav Piksi
receiver wa®n the rooftop of the car. Again, it is important to note thaaihtennghase centres

of the SwiftNav and the phones were not aligned. The SwiftNav Piksi antenna was on the roof and
had better signal availability while the smartphone was inside thercéne dashboarid mimic

the real usage of a smartphone while navigation. The multipath and signal blockage is enhanced
by reflections due to the windshield and the car interiors. T8iereld be tleast anetre offset in

the solutios for the wo recevers andhe number of satellites tracked by the smartphone antenna

is limited by its position within the car. All these factors must be taken into consideration while
comparing the positioning solution. Hence, the overall objective was to compare tienpasi

solution accuracy before and afegplying theC/No-based stochastic model apiediction

Figure5.3 represents the horizontal position solutiontfar three scenarioShe red boxes indicate
the periods of no solution and divergentlere were significant divergence and periods of no
solution in thePPP processing dométhout any measurement conditioning and using the static

stochastic model. Wth the implementation oprediction andC/No-based stochastic moded
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solution with 100% availability was achievedFigure5.3(c). The accuracy of the positioning

solution improved considerably over the region between epoch 1500 and 1900, highlighted in

Figure5.3e).
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Figure 5.3: Xiaomi MI 8 PPPkinematic track before and after the use ofh C/No-based
stochastic model and prediction against the SwiftNav Piksi referendg®OY 325, 2019

Obseving the number of satellites processed before and after predagtiseen in Figure 5.4 it

was seen thdhe average number of satellites being processed rose from an average of 5 to 8.

(a) Before prediction (b) After prediction

Figure 5.4: Number of satellites processethefore and after applying C/No-based stochastic
model and prediction (DOY 325, 2019)
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