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ABSTRACT

Smartphone accelerometers and gyroscopes

little work has been done on assessing how accurate and reliable they are to be used in
inertial navigation systems (INS). The goal of this research is to develop dyloose
coupled INS filter that only uses sensors found inside a ™Mofndroid smartphone.
Micro-electremechanical sensors (MEMS) accelerometers and gyroscopes provide the
raw motion sensor data whereas the fgghsitivity GNSS receiven the smartphonis

used to provide position and velocity updates to the fillagnetometers, also included

in the MEMS are a potential source of heading aiding that not only aids in INS
alignment but helps constrain the heading drift. A successful filter implementatilsh cou
potentially open the doors of inertial navigation to the everyday smartphone user. This
would allow developers of smartphone applications to focus on the creative side of their

application while using the loosetpupled INS in the background.

The looselycoupled INS filter was developed in C++ and was offline although
the operations are exactly tothat would be applied in retime. The INS filter was
verified by using rawnertial measurementnit (IMU) measurementBom a high-end
Northrop Grumman IMU-LN200 motion sensor andsinglepoint GNSS
positionkelocity updates from a high accuracy NovAtel Flexpak6 receiver. Two datasets
with distinct environments were used. The first one was a relabpsisky dataset in
NW Calgary and tb second was an urban canyon dataset in downtown Calgary. Once
the INS was verified to work within expectations, two more datasets were collected, this

time with the MoteX Android smartphone and the NovAtel SPAN sys{&iU -LN200



+ Flexpak6 running INS gable firmware) The datasts were again impensky and

urban canyon environments. Due to the high noise of the -Maensors, the high
frequency noise of the raw data was removed via wavelet decomposition. This was very
important as the faint sensor is&j is buried under a lot of noise. Empirically derived

estimates for sensor tuom bias and scale factor errors were then found.

The easiest way to assess the validity of the filter is to compare the attitude with the
truth trajectory, where theuth trajectory is that of the NovAtel SPAN solution. The
reason for this is that position and velocity are directly dependent on the quality of input
filter updates. It is possible to have good results in position and velocity but still have a
filter thatdiverges in attitude. When ran with the IMUIN200 and NovAtel Flexpak6
data, the looselgoupled INS filter had RMS differences in pitch and roll underin.4
theopensky dataset and under il the urban canyon dataset. RMS differences in
heading werdéelow T in theopensky dataset and slightly aboveit the urban canyon
dataset. When ran with the Me¥oAndroid smartphone sensors, the INS filter had
RMS differences in pitch and roll below 4if theopensky dataset and below it
the urban anyon datasets respectively. The RMS differences in heading were around 13
for theopensky dataset and large enough to make the system useléle fmban
canyon dataset. The results show the M¢tdndroid smartphone sensors can be used
for civilian enthusiast level of navigation undepersky environments. It is however
expected for MEMS sensors to improve over time thus improving the usability of a

loosely-coupled INS filter using smartphone sensors.
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CHAPTER 1: INTRODUCTION

The world is changing rapidly before our very own eyes in the realm of
automated navigation. Some current services inside some car manufacturers such as
BMW6s Parking Assistant allows for aut oma
Dodge use the autated safety braking feature as an important selling point consumers
are interested in. It is also common knowledge that Google has been successfully testing

selfdriven cars in California. In other words, automation is a selling point to consumers.

This reed for automation and technology can be seen in our everyday life in the
the smartphone: a technological device that has become as essential as carrying a wallet.
Smartphones are able to do a lot of advanced tasks because of the different sensors it has
become standard for them to have. Smartphones have accelerometers, gyroscopes,
magnetometers, pressure sensors, temperature sensors, and high sensitivity GNSS
receivers. It is these sensors that rotate the smartphone screen when oriented one way or
another,count the steps taken per day, and allow the owner to share their location with

their friends in social media.

The purpose of this thesis is to put the two concepts mentioned above together.
Accelerometers and gyroscopes inside smartphones are meantigedfor identifying
obvious changes in orientation, but how good are they to be used for automated
navigation? The sensors required in the Googledsalén car are orders of magnitude
better, larger and more expensive. This thesis will explore thiabgdity of currently

available smartphone sensors for navigation through the creation of a loosplgd



inertial navigation gstem (INS) that blends the smartphone accelerometer, gyroscope

and GNSS data.

1.1 Background

The following section introdwes some of the core components used in this thesis

research such as smartphones, GNSS, and INS.

1.1.1Smartphone Sensors

Smartphones are able to fit so many sensors inside a small, constrained space
through the use of micrelectremechanical sensors (MEMS) that are quite inexpensive
to make and have a small form factor. The three smartphone MEMS that were used in
this thess were accelerometers, gyroscopes, and magnetometers. Accelerometers
measure the specific forces acting on the body, gyroscopes measure the rate of rotations,
and magnetometers measure the magnetic field around the body. When put together,
accelerometersna gyroscopes form an inertial measurement unit (IMU). The downside
of being so small and cheap is that these sensors are quite noisy and have errors that are
orders of magnitude bigger thahose oftheir traditional (and considerably more
accurate) coumetparts. This does not mean all MEMS are obsolete as faglagrade
navigation is concerned. In fact, Honeywell has a remddf MEMS IMUs that are
exportcontrolled due to their ability at measuring high rates of rotations and

accelerations that couldagily be put in a guided military weapon (NovAtel, 2815



High-quality MEMS are used every day in the industry but they are in a whole other

league compared to those used herein.

As stated earlier, smartphones also contain high sensitivity GNSS receivers
These receivers are able to compute a position in plaees traditional higraccuracy
receivers arenot able to. The reason for
solution availability over accuracy so that users are able to provide a posgida
buildings.Having said that, the use of very low quality antennae in smartphones means

the high sensitivity aspect is not exploited to its fullest.

1.1.2 INS

Using the data coming out of the smartphone acosieters, gyroscopes, and
high-sensiivity receiver, we have the building blocks for an INS. These same
instruments (albeit of better quality) are integrated in the same way in thdrigeti
cars mentioned earlier. The differene@riy that theéype of integration is more complex
as it invdves added sensors to check for proximity to other objects, among dthers.
algorithm part of anINS can be divided into two components: thechanization

equations, and the extended Kalmitterf (EKF) (EFSheimy, 2012).

The mechanization equations dhe expressions used to integrate the raw data
from the accelerometers and gyroscopes in order to get position, velocity, and attitude
estimates. This is traditionally referred to as desakoning and was the method used by
the early navigators of thRenaissance. The navigators of thé"i&hd 18' centuries

would sail vast oceans by using stars for positioning (could only be done at night. Sun

3



observations were used for latitude determination), the chip log for measuring velocity,
and clocks to detenine the time elapsed/ifsra and Enge, 20)}1These measurements
wer enot constantly available so they had
estimate where they were in between. There are many flaws with this thedast that

many of them wex able to discover as many lands as they did is truly astonishing. This
is in essence what the mechanization equations are doing with the raw IMU data.
Integrating raw accelerometer data twice gives us the change in position and integrating
raw gyroscope ata once gives us the change in rotation; both related to when the
previous measurements were taken. This make®dgsible to estimate the epeith

epoch change in position, velocity, and attitudegéimy, 2012). However, there is no
such thing as a gufect instrument and accelerometers and gyroscope® arent h e
exception; even the higirade sensors proven in automated navigation have sources of

emor. This is where the EKF come in

The EKF uses measurement and dynamic models recursively to provide an
estimde that is optimal in the leasjuares sense (Gao adidleris, 2007). The dynamic
mod el descr i bbelkaviourand is &eptsin eheck sia the measurement
model. In terms of the INS, the dynamic model is that which describes how the position
velocity, and attitude relate to one another in the IMU whereas the measurement model
is made up of the GNSS observations that are fed into the filter. The dynamic model
requires estimates of the position, velocity, and attitude errors (known asmitds) as
well as their respective accuracies (ibid). Similarly, the measurement model requires
GNSS observations and their respective accuracies. The EKF runs in two stages. The

first stage is known as the prediction and consists in the filter using trectrastics of



the systento come up with uncertainties tife position, velocity, and attitude estimates

found in the mechanization equations. The sectaglesis called thepdateandtakes

place when GNSS inputs are present. The observed GNSS meagdsraraesompared

to what the INS predicted at the exact same epoch. The INS then uses knowledge of both
system and measurement uncertainties to blend them in the mathematically optimal
sense. l ncomi ng GNSS measur ementhesystdmat ar e
is estimating will be weighted accordingly and vi@rsa. The important concept with

the INS is that the system quality will degrade quickly in the absence of GNSS updates.

The reason being it is the GNSS measurements that are keeping trenfdéSegrors in

check. Without these updates, the INS solution will drift at a rate that corresponds to the

grade 6 sensors being used (Schwarz &ei, 2000).

1.1.3 GNSS Outages in INS

INSs are not required to be used only when GNSS measurements are available.
In fact, one of the purposes ah INS is to bridge areas where GNSS outages are
present.This is only possible with higgrade accelerometers and gyroscopes. The idea
is that highgrade motion sensors have very accurate sensors whose errors are well
understood, thus allowing an INS to accurately run in the prediction mode for a certain
amount of time when a GNSS outage is presenS(eimy, 2012). However, when in
the absence of BSS input the position, velocity, and attitude will drift so it really
becomes a ticking bomb as far as at what point the INS prediction can produce estimates

accurate enough for the level of navigation required by the user.



1.1.4 INS Integration Methods

There are two main ways in which the INS can be designed: leosepjling
and tightlycoupling (Petovello, 2003). Loosebtpupled integrations use position and
velocity estimates as measurement updates in the filter. These could technically come
from anysource but GNSS is the obvious choice for providing absolute position and
velocity. Tightly-coupled integrations make use of raw GNSS observations as inputs in
the filter. That is, it uses GNSSeqglorange, Doppler, and carr@nase measurements
(ibid). In other words, looselgoupled integrations have the INS estimating position,
velocity, and attitude, whereas in tighttpupled integrations the INS estimates the raw
GNSS observations addition to position, velocity, and attitu¢iel-Sheimy, 2012). Té
looselycoupled integration was selected for this project due to the inability of the
smartphone to provide the necessary raw measurements required in thectgpted

integration.

1.1.5INS Alignment

As was stated earlier, an IMU provides relathnarigation from epoch to epoch
if the accelerometer and gyroscope raw data are integrated. This means a starting
position, velocity, and attitude is required. This is what is referred to as the INS
alignment. There are different methods for aligning dejpgnebn the application,
equipment, and sensor quality (NovAtel Inc, 261%\n initial position and velocity can
be fed through GNSS, whereas pitch and roll can be estimated with enougdcyaccu

through gravity (Schwarz an@/ei, 2000); the real problem WitINS alignment is with
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the initial heading estimatéligh-endl MUs ar e sensitive enough
rate and can estimate heading statically. Lower quality IMUs require vehicle movement

to estimate an initial heading. The best possible way is an aided alignment which uses an
initial heading estimate froran external source such as GNSS (NovAtel Inc, Bp15

This type of alignment can take place whether the vehicle is static or kinematic, and best
of all is instantaneous. The INS alignment is a very important part of the INS. Wrong

initial estimates will €ad to solution divergence (Godha, 2006).

1.2 Previous Research and Limitations

There has been extensive reseafahe in the field of INS thdtasassessd the
validity entrylevel inertial measurement units suchtlaat done byKong (2000), Gao
(2007) Godha (2006), among others. However, #mwrylevel sensors in those
publicationsare orders of magnitude better than the smartphone sensors used herein.
That is, those sensors are ed@yel as far as industry standards are concerned and cost
thousand of dollars compared to the smartphone sensors that are in the single digit
dollar range (Dixon, 2014). A research paper by Guo.€Ral5) performed a loosely
coupled integration using sensors inside the Apple iPhone but limited results to position
andvelocity which are largely dependent on the position and velocities fed into the filter
from the GNSS receiver. A complete analysis of smartpthered sensors requires an
analysis of attitude and especially of headagyit is the attitude component that
hardest to estimate due to it not being directly observabtaerabsence of external

headingaiding sensors (Bobye, 2015).



1.3 Contributions

The main contributions of this work can be summarized as follows:

1. Development of a looselgoupled INS filer that makes use of smartphone
accelerometers, gyroscopes, and GNSS observations. The filter can
potentially be provided to an entire community of developers of smartphone
applications looking for highest grade of navigation possible with

smartphone sens

2. Development ofthe methodology to assess GNSS velocities and height

accuracies as they are not reported by the smartphone.

3. Assessment of Hall effect magnetometers inside smartphones as heading

aiding sources in the INS for alignment and bias drift constraint purposes.

4. Assessment othe relative difference in performance of industry leading
tightly-coupled INS filter with usrgenerated looselgoupled INS filter
underopensky and urban canyon environments usatggh accuracy GNSS

receiver and higlend IMU.

5. Assessment of position, velocity, aatlitude usingsmartphone sensors @am
authorgenerated looselgoupled INS uader openisky and urban canyon

environments.



1.40Outline

Chapter 1 presents motivation, objectives, background, and contributions of the work
done in the creation of a loosetpupled INS filter that uses MEMS accelerometers and

gyroscopes from #tnMoto-X Android smartphone.

Chapter 2 provides an overview of both GNSS and INS technologies used in this
thesis. GNSS measurements and error sources are presented in the first part. INS frames,
errors, mechanization equations, classification and alignment methods are presented in

the second part.

Chapter 3 is an introduction to processingtinods. Specifically, the leasguares

adjustment and extended Kalmaltef.

Chapter 4 provides an-depth look at the extended Kalmalief taking place
behind the scenes of the3NThe integration strategies are described as well as INS
specific dynamic and measurement models, vehicle motion constraints, and sensor

heading aiding.

Chapter 5 assesses the autpenerated looselgoupled INS with that of the tightly
coupled SRN filter in openskyand urban canyon environments. The NovAtel
Flexpak6 with the IMULN200 was used throughout. Position, velocity, and attitude

differences are shown.

Chapter 6 assesses the authenerated looselgoupled INS using the Mot¥

Android smartphone sensorsapensky and urban canyon environments. The results



were compared to the truth trajectory from the NovAtel SPAN system (NovAtel

Flexpak6 and IMULN200). Position, velocity, and attitude differences are shown.

Chapter 7 concludawith the results and findings obtained in this research. It provides

recommendations for future work and states the limitations from the work in this thesis.
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CHAPTER 2: OVERVI EW OF GNSS AND INS

Global navigation satelliteystems (GNSS) allow users to determine their real time
absolute position anywhere in the world through meamsudtilaterationprovided they
are able to track at least four GNSS satellites. A GNSS is made up of three components

or sgments: pace segmentontrol segment, user segment.

The Space segment consists of the satellites orbiting thth & around 20,000 km
altitude (Misra and Enge, 20)1 The control segment consists data uploading
stations, master control statiorad base stations whiele used to monitor the health
and status as well as to control the satellites. The user segment consists of GNSS
receivers able to decode and use the incoming satellite signaisltitateratea user

position. The three segmeraie shown below ifigure2-1.

Space Segment
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Figure2-1: GNSSoverview (NovAtel Inc, 2018)
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There are currently 4 GNSS constellations in use (ibid). GPS (the original GNSS) and

GLONASS are maintained by the United States and Russia respectively and they

provide global coverage with GRgpically having 30 operationapacevehicles (SVs)

and GLONASS having 2 operational SVs.t is worth mentioning both of these
constellationsalso have irorbit sparesThe Europeammaintained Galileo anstellation

has only deployed 1@atellites that are currently still being used tevelopment
purposes. Haever, the plan is to have Galileo fully running with 30 SVs by 2020
(NovAtel Inc, 201B). The fourth system in use is called BeiDou and is maintained by
the Peoplebdbs Republic of China. Bei Dou

Middle East but a fily global constellation is expected to have 35 SVs by 2020.

The introduction of additional constellations to GPS is very good for users as it

provides increased position availability in adverse environments such as urban canyons.

The higher satell@ availability also means improved satellite geometry (especially at
high and low latitudes) which translates to improved position accukdisyaland Enge,

2011).

GPS, Galileo, and BeiDou work throughde division multiple Access (CDMA) in

which al satellites in a given constellation operate at the same reserved frequency. Each

satellitebs raw signal (sent 0 N navigation 0O r
messagée.g.50 bpsfor GPS)and by either an open or encrypted code that when known
on the receiverend allows differentiatingeach satellite in the constellation (ibid).
GLONASS on the other hand, operates throfigiguencydivision multiplier access
(FDMA) in which satellites areistinguished from one another by operating at different

frequencies. The encrypted frequencies (sucth@degacyGPS LZP) are exploited in

12
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civilian applications through the use of seroideless tracking inside the receiver. All
constellations have plams providing a secondary open code which will negate the need
for semicodeless technology in receivers and thus increase accuracy for entry level

GNSS receivers.

2.1 GNSS Measurements

GNSS provide users with three types of measurements whioch agnepdates in an
INS filter: pssudorange measurements, cafpbase measurements, and Doppler

measurements

2.1.1 Pseudmnge Measurements

Psudorange measurements consigheftimeit takes for asignalto travelfrom the
satellite to the receiver multiplied by the speed of light. As the name implies, these
ranges contain errors which have to be taken into account in the positioning algorithm
(ibid). The ranging errors are caused by a number of factors such satéfide and
receiver clocks not being completely 1in
focus on GPS for the next example.

Recall that the raw satellite signal is sent over two or more predefined frequencies.
These signals are modulateg the navigation message (50 bps) and both the C/A
(transmitted at 1.023 Mz on L1) and P(Y) codes (transmitted at 10.281%0on both L1
and L2. The C/A codes are modulated on the quadrature part of the signal and the P(Y)

13



codes are modulated on thephase part of the signal. The receiver knows what the
unique code (known gseuderandomnoise, PRNcodg for each satellite is. When the
raw signal reaches th@ocessing part ahe receiver, the received PRN code is shifted
until it lines up with the internal PRN codeangley, 2016) The time shift required to
line up both PRN codes is the time of travel of tigmal. The pseudorange equatisn

as follows:

”

@ YT 0 | | - (2.1)

C

where:

0 is the measured pseudorange (metres)

" is the true rang between the satellite and receigatenna (metres)
wis the speed of light in vacuum/s)

1 "¥ the receiver clock error (seconds)

1 s the satellite clock error (seconds)

1 is the ionosphere induced error (metres)

1 is the troposphere induced error (metres)

1 is the orbital error (metres)

- is the coe@ level multipath plus noise (metres)
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An important point worth mentioning is that the chips that make up the PRN code
have aperiod of 1 €s meaning each chip is 293 metres in length (ibid). This low
resolution from which C/A based pseudorange positioning is computed from translates
to a positioning accuracy of a few metres depending on the type of receiver correlators.
The pseudorange measnrentitself is accuratéo tens of crmin high-accuracy receivers

(Langley, 201&

2.1.2Carrier -Phase Measurements

Also referred to as accumutatDopplerrange (ADR), carriephase measurements
have a much higheesolution than pseudorange measuents and as such when used
in a baseover setup can provide positioning accuracies -@f dn sometimes even
better(Langley, 2016) That is because these types of observations make use of the fact
that at the specific GNSS frequency, the carrier wageahsmall wavelength (e.g. 19 cm
for GPS L1, 24 cm at GPS L2). Thus, the distance from the antenna to the satellite can
be thought of as a sum of wavelengths (cycles) through the propagation space. The
number usually has an integer and fractional composan analogy of a pseudorange
measurement (in cycles) plus an initial integer offset can be made. The fractional
component and the change in integer offsets can be measured easily by the tracking
loops but the same cannot be said about the initialentefjset (NovAtel Inc, 201d).
This value is referred to as the integer ambiguity. Thus, thedataérphase I§ )
is made up of the carrigthasemeasurement( ) (which includes integer and

fractional changes) plus the integer ambiguity term (N).
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B B 0 (2.2)
B B 0 (2.3
which after following the derivation iwells et al, (1999),gives us:
B QYT 0 1 1 - _0 (2.4)
where the differences with respect to Equation 2.1 are:
- is thecm level multipath plus noise from the carrier (met{éghgley, 2016)

_ Uis the integer ambiguitmultiplied by the carrier wavelength (metres)

As can be sen in Equation 2.4, the carriphase observable contains the saypes
of errors as the pseudorange measurement plus the integer ambiguity component. There

are two more differences that stand out. The first one is that the ionospheric effect is
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subtracted rather than added because of the fact the iones@Eheses an adrce in
carrierphase observations whereas it causes a delay in the pseudorange measurements.
The second difference is that the multipath and noise in the carrier phase measurements
are much smaller (ctievel) instead of thenetrelevel that would be caudefrom the

code measurements.

2.1.3.Doppler Measurement

The Doppler frequency is the instantangotate of change of the carrghase
measurement and is useful for providing velocity. This observation is not impacted by
the integer ambiguities (derive¢ of constant is zero) meaninge derivative of

Equation 2.4 becomes:
07y " @ YT 0 1 | | - (2.5)
where,
0  isthe observedhte of rangém/s)
" is the true range rate between the satellite and the receiver (m/s)
1 "¥ the receiver clock error drift (m/s)
1 s the satellite clock error drift (m/s)
1 is the orbital error drift (m/s)

- is the drift due to multipath and noise (m/s)
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2.2Error Sources in GNSS and How to Mitigate Them

It is now time to take a look at the individual GNSS error sources mentioned in the
previous section as well as how to mitigate them. Knowing what causes the errors is
important in our understanding asHhow to minimize or cancel out their effect. First, it
IS important to mention that the positional accuracy is a function of the sum of error
sources as well as satellite geometMisfa and Enge, 20)1 The distribution of
satellites in the sky is quahé&d through the unitless dilution of precision (DOP). The
sum of errors in the line of sight from the antenna to the receiver is referred to as the

user equivalent ranging error (UERE):

0¢i QDD GO YOOU! O (2.6)

Hence, the more satellites in view, the better the geometry, and the better the position

accuracy will be.

The errors making up the UERE can be deatih by eithermodellingor cancelling
them out as will be further explained below. The first method called differential GNSS
consists of having a static GNSS receiver (called the base) transmit corrections or raw
observations to a secondary stationary (or kinematic) GNSS recesferred to as the
rover (Novatel Inc, 201d. There are two types of diffential GNSS methods used:
codebased and carrigzthasebased(referred to as RTK)RTK stands out for real time
kinematic but doesn tnecessarilyhave to be performed in reahie (Langley, 2016).

Both methods require the base to be static and placed over a previously surveyed point.
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In codebased differential GNSS, the known position of the base is compared with
the computed position and the difference in known vs. cordpargge for each satellite
is sent as corrections to the rov€ndebase differential GNSS will reduce or eliminate
orbital, atmospheric, anmndesexcarectdn®nithe etheer r or s
hand, RTK sends the raw observations to the rrovieich then computes a double
differencing of observations in order to reduce or cancel out common errors experienced
by both receivers. Readers are invited to read Petovello (2008ha(2006) and Wells
et al (1999) among others for further details @wuble differencing.RTK requires the
use of carriephase measurements which complicates matters because the integer
ambiguity needs to be knaow However, it is these carriphase measurements that
allow 1 cm + 1 PPM @&uracy in RTK compared to halietre accuracy in code based

differential GNSS (NovAtel Inc, 2015.

The second method for corr ectnodelgpgola r ece
errors. This can be done either in ppsricessing through software, or in réate
through satelliteleliveredcorrections. The latter requires the antenna to be able to track
a separate set of geostationary satellites that broadcast corrections as well as a
subscription to the service. The most common satellite correction systems are
OmniSTAR, TerraStaand SarFire. These satelldieased correction services are able to
offer decimetrepositioning accuracy throughout the world (NovAtel Inc, 2015ut do
require about 20 minutes of convergentalis long starup time is due to noise in
ionospherdree mesurement combination, tropospheric wet delay estimation and
carrierphase ambiguity resolutiofMaron, 2014). It is worth mentioning this type of

satellite derived corrections (also known as precise point positioning, PPP) use wide
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lane ambiguity fixingwhich means that it converges to a stablenmitunique solution,
unlike RTK (ibid). Wide-lane and narrovlane combinations are used for integer
ambiguity determination. Readers are fadito read Misra and Enge (200 1ar further

information on theseopics.

2.2.1 lonospheric Errors

The ionosphere extends fraabout 50 to 1000 km, or highemd consists of ionized
air caused by the Sunds rleldaviauisidependentdrhi s me
the time of dayNlisra and Enge, 2031The Sun also has an 11 year cycle during which
there are variations in the amount of sunspots and solar flares. The peak of the solar
cycle is when there is a maximum in solar flares which generate a very active ionosphere

and subsequently largeionogphi ¢ errors i n GNSS (Ob6Keef e,

The total electron content (TEC) in the ionospheric line of sight changes the
refractive index and affects RF signals at GNSS frequencies by advancing the carrier
phase measurements and delaying the code measusefviessra and Enge, 20)1 The
ionosphere is also dispersive in nafuréhich means it affectdifferent GNSS
frequencies differently. This means that in the absence of differential methods, the
ionospheric errors can be cancelled through the use odlaréquency receiver (ibid).
Single frequency receivers not receiving differential corrections model the ionosphere
through the Klobuchar model that is broadcast by the satellites (NovAtel Ind))2015

On the other hand, receivers using differentialitpmeng methods effectively cancel

20



out the ionospheric effect provided the atmosphieeicaviouris the same at both ends

of the baseline.

2.2.2 Troposphere Errors

The troposphere extends from sea level to the stratosphHedan(+ 17 km) and it
contains a dry part and a wet part (wat
ionosphere, it is not dispersive in nature meaning its effect is the same over the multiple
frequencies broadcast by a specific GNSS satellite. An interesting fact about the
troposphere error is that 90% of it comes from the dry component which can be
modelled with an accuracy of 1% whereas the remaining 10% comes from the wet
component. This wet component is difficult to predict due to variation in water vapour
density meaning #thmodels are only 20% accurakdigra and Enge, 20}1This type of
error is reduced througmodelling anddifferential techniques leaving a-1% cm error
residual for a 100 km baseline (ibid)his error can actually be smaller if residual

tropospheric dlay is estimated from the data itself (Langley, 2016).

2.2.3 Orbital Errors

These types of errors arise from imperfections in the satellite orbit with respect to the
planned trajectory as defined by the ephemerides. The satellite health and retatus a
monitored continuously through the ground control stations and the orbitgparally
corrected once a dgiMisra and Eng011). The uploaded corrected orbital parameters

are then transmitted to receivers via the broadcast ephemerides. DiffereNgad G
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techniques minimize the effect of the orbital errors. Usually, a 100 km baseline will

contain a remaining orbital error baseline of around 5ibid)(

2.2.4 Satellite and Receiver Clock Errors

Satellite and receiver clock errors are biases wu¢he fact that receivers and
satellites are not completely in sync wittettNSS set time base (e.g. GPgéd for
GPS). Both of these clock biases cancel out during RTK due to the nature of double
differencing. The receiver clock error can be expetddoe from a few metres to a few
thousand kilometersMisra and Enge, 2031 If running in single point mode (i:e
without double differencing the receiver clock error is computed in thiger in
addition to the thredimensional positioal coordinatesvhereas thestimated error of
the satellite clock is computed from satellite clock coefficients broadcast in the

navigation message.

2.2.5 Multipath

Multipath is originated by reflections in the nearby environment that cause the GNSS
sigral dehyst o be | onger t han t h#®.ySince the tetetver b e
expects the signals to be a direct {ofesight, a bias is introduced to the ranging
measurements. Multipath is hard to model due to the fact that it is dependent on the
environmentbut there are methods to mitigate it (Park et2004). The most obvious
one is not to satp the antenna in a challenging environment. Another way is to choose

22



a high quality antenna that rejects signals coming from below the horizon as well as
those tlat are left handed polarized (Weill, 1997). The reason for this is that GNSS
signals are right handed polarized and becpnraarily left-handed if reflected. Only

nearby objects will induce troublesome multipath because the receiver tracking loops are
desgned to reject indirect ranges longer than 1.5 chips (~440 m). The type of correlator

in the receiver also plays a very important role in multipath determination. Narrow
correlators are better at computing the PRN autocorrelation peak meaning thep are als
better at identifying and rej ecCEigure@8 mul ti

shown below illustrates the effect of Hpath on the ranged signals.

00 \/DDD
D 000

reflected signal

Figure2-3: Antennasn multipathenvironment (NovAtel Inc, 201%

2.2.6 Measurement Noise

The amount of noise in the receiver tracking loops plays a very importai rae/

accurately a receiver can measpseudoranges and carrier phélsangley, 1997). The
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most basic kind of electrical noise is produced by random movement of electrons in a
conductor (such ahose ina GNSS receiver) and is referred to as thermal noise (ibid).
This random movement of eleshs in turns creas an electromagnetic radiatiorhe
antennaends up pickingup electromagnetic radiation from the receiver, the sky, the

ground, anabjects in the vicinity of theeceiver antenn@bid).

Noise experienced by the receiver in the form of cable loss and receiver temperature
also has to be taken into account (ibid). Putting all of these noise sources together, C/A
code measurements can be observed wittrecisionof 4 cm whereas carrigghase
measurements can be observed aifirecisiorof around 0.5 mm (NovAtel Inc, 20hh
Table 2-1 below summarizes the characteristics and apprat@mmagnitudes of GNSS

errars in single point positioning.

Table2-1: Characteristics anthagnitudes of GNSS errors (adapted frond@n (20089,
Gao (2007)0 6 Ke e f g an@ Rafgley (2018)

GNSS Errors Characteristics Magnitude in Single

Point

lonosphere Spatially correlated 27 50m

Frequency dependent

Varies with location and solar activity

Troposphere Spatially correlated 27 30m
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Frequency independent

Orbital Spatially correlated <1lm

Satellite clock Estimated through coefficients broadcas <lm

ephemerides

Receiver clock | Estimated in filter along with position 200 nsi several ms

Code Multipath | Depends on environment, antennas 0.27500m

elevation angle

Code Depends omoise experienced by anten ~04m
Measurement and receiver

Noise

2.3 High Sensitivity Assisted GNSS

The differential correction methods mentioned in the previous seetiennot
commonly used with lovend receivers such as those found in the MotAndroid
smartgone, used irthis thesis. However, these leamd receivers do have a few
differences in design that give them an advantage over high accuracy receivers. GNSS
receivers such as those found in smartphones have a higher sensitivity compared to their
high acuracy counterparts due to the fact the incoming signals are integrated for a

longer amount of time (Driscoll et.al2011). The codeorrelation computation in

25



GNSS receivers is what is able to raise the buried signal from the strong ambient noise
(Langley, 1997). High accuracy GPS receivers integrate the received signal for 1 ms,
which is the duration of one C/A cycle and results in the ability to acquire and track
signals at around160 dBW. Every 20 ms there is a new bit of navigation data
transmitted recall the nalgationmessage is sent at 50 bps) and this bit change limits the
coherent integration in the receiver unless the navigation bits are known a priori
(MacGougan, 2003). High sensitivity receivers make use of assisted GNSS to remove
the navigabn message via the cellular provider. This, along with a large increase in
number of correlators compared to those in high accuracy recearatdimitation of
residual frequency errors, enable high sensitivity receivers to track much weaker GNSS
signals By removing the navigation message, the 1 ms integration can now be
lengthened about 1000 times which in turn is able to raise weaker signals out of ambient
noise (Zhang et al 2011). This means high sensitivity GNSS receivers are able to
acquire andrack signals down to thed90 dBW level, which is a 30 dB increase with
respect to high accuracy receivers. Thus the advantage of high sensitivity GNSS
receivers is they can track GNSS signals indoors, albeit at a very lonaagcliney

were not meantofr providing survey grade accuracies. The high sensitivity aspect of the
GNSS receiver inside the smartphone did not provide any advantages due to the nature
of this project being related to getting the highest accuracy possible rather than the

greatest aailability.
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2.4 Coordinate FramedJsed in Inertial Navigation

There are different frames that have to be amsreidwhen dealing with inertial
navigation systems. The mechanization equations are computed in either the Earth
CentredEarthFixed frame (e-frame) or the LocalLevel frame (iframe) although the
position and velocity are usually output in the latter due to it being much easier to

physically relate to.

Inertial Frame Aframe)

Origin = Earthés centre of mass
Z'-axis = Parallelto Earh 6 s s pin axis

X'-axis =Towards mean vernal equinox

Y'-axis =Orthogonal to X and Z axes forming a riganded system

The inertial frame is a fixed nemtating frame that is used in the mechanization
equations to distinguish observables inducedtbye Eart hés rotati on

centrifugal acceleration) from those that don't (raw gyroscope measurements).

Earth Centred Earth Fixed (ECEF eframe)

Origin = Earthodds centre of mass
Z%-axis=ParalleltEar t hés spin axis
X®-axis = Towards meaiGreenwhich meridian
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Y*-axis = Orthogonal to X and Z axes forming a rigahded coordinate frame

LocalLevel (LLF or ENU or frame)

Origin = IMU centreof navigation

Z'-axis = Upwards (parallel to normal gravity)

X'-axis = Orthogonal to normal gravityointing towards East
Y'-axis = Orthogonal to normal gravity, pointing towards North

As per Schwarz and Wei (2000), mechanizing in tHeame is mathematically
simpler than the-frame because the normal radius of curvature of the ellipsoid does not
have to be taken into account which greatly simplifies most computations. However, the
normal gravity computation in this frame is more complicated than inftiaene. Note
that the Localevel frameis defined here as being righanded. However some
applications such as hydrograp define the-frame as a lefhanded. In such cases the Z
axis is positive downwards, in line with normal gravitgoth eframe and{frame are

shown below irFigure2-4.
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Figure2-4:. ECEF frame é-framé andlocal level framel¢frame

Vehicle Frame (Mrame)

Origin = IMU centre of navigation

Z' = Upwards

X" = Towards right side of vehicle

YV = Towards front of vehicle

The vehicle frame is used for attitude purposes. Duringiskeeof themechanization
equatiors, the attitude estimate in either ECEF of LLF will be rotated to the computation
frame and then to this frame. The reason for this is that most applications require the
attitude of a moving vehicle. To be able to output in this frame it is reegesstake
into account the difference between the IMU enclosure frame, computation (faeme

below), and the vehicle frame.
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In all of the tests carried out in for the research reported, the (Enoze wa
mounted in such way that the IMUhdosureframe (see below)matched the vehicle
frame. This was done for ease of setup although there are no mathematical constraints to
how the IMU is mounted provided the appropriate rotations are taken into acddent.

v-frame is shown below iRigure2-5.

Figure2-5: Vehicleframe(NovAtel Inc, 201%)

IMU Enclosure Frame

This is the frame of the physical sensors in itfi&). It is suggested to mount the
I MU in the defaul't way where the enclosur
Otherwise, further rotations would be required to get the solution output in the vehicle

frame.This frame is shown below irigure2-6 for the sensors used herein.

Origin = IMU centre of navigation
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Z°= Upwards, away from the smpltone
X = Towards right side of smattone

Y = Towards topof smarphone

|

Yimu

N

>(IMU

Figure2-6: IMU enclosureframe

Computation Framéb-frame)

Origin = IMU centre of navigation
Z%-axis = Ywards in line with gravity
Y‘-axis = Depadent on mapping
XCaxis = Dependent on mapping

Depending on the vehicle size constraints, the IMU might not be mounted i such
way that the enclosure frame matches the vehicle frame. For example, it might be
mounted with the enclosure frame’saXis in line with gravity inst&d of the Zaxis.

This frame is used to map the axes of the enclosure frame to a computation frame where
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the Zaxis is always in line witmormalgravity. The computation frame will match the

enclosure frame if the enclosureaXis points upwards.

2.5Coordinate Transformation

Throughout this thesis it will be necessary to transform vectors back and forth from

the eframe to thedframe as well as the-fbame. Rotating from one frame to another can

be done by sequentially rotating each axis infthie r o mo

frame unt.

matched. The elementary rotations around the three axes are defined as follows:

p T T
{1 nm AT O OE]
n OE1T AT 0
ATSO n OE4
3 T P Tt
OE4 n AT O
AT OFlT m
3 OE1T AT[0 m
Tt T P

The product of elementary rotations forms a rotation mé

2.7)

(2.8)

(2.9)

here the subscript

i ndi cates t he versonipthon dfi rcaantee sa ntdh et hiiet o 0

that make up a rotation matrix are of unit length and their dot prodficesl¢he cosine

Il th

fram

of the angles between the vector pairs. This is why the rotation matrices are sometimes

also referred to as direction cosine matri(g®hamed andVlamatas, 2012) This
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allows us to convert vectors from one frame to another as in thepkx@elow where

the arbitrary vector B is to be converted from tHeaene to the-frame:

= )= (2.10)

A very important propertyhtat facilitates transforming vectors from one frame to

another is:

(2.11)

The rotation between thefmme and Hframe consists of two consecutive rotations
around the&d and® axis. The conversion betweetframe and4frame is shown below

in Figure2-7.

4" 4* 4 on {4 _ on (2.12)

horizon

XY plane

1

Figure2-7: Visual of eframe to {frame conversion
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The other type of rotation that is done often is the conversion from eithefrémed
or the eframe to the Hrame. Note that unlike with the previous transformation, the
order of rotations does matter & working with the Hrame because of the ENU
convention behind i{fMohamedand Mamatas, 2012)When defining a rotation from a
mechanization frame (eitherffieame or Hrame) to the body frame a sequencejaf
must be employed. Thus, a rotatiosarh the bframe to the mechanization frame would

consist of the opposite order @idoas follows:

9 4 4, 4. 040 - (2.13)

where thet overscriptstands for either the-feame or Hframe. Note that i§ =l the
rotations around the x,y,z axes are called pitch, roll and yaw respectively. Since
navigation applications deal with heading instead of yaw, Equations 2.13 would have to

be modified accordigly.

12 4 4. 4. 40 - (2.14)

Recall that throughout this thesis thdridme matches the-vame and therefore no

further rotations would be required to output the vehicle pitch, roll and, heading.

2.6 Mechanization Equations

As was mentioned at the start of the chapter, INS is essentially a dead reckoning
system providing position, velocity, and attitude from the measurements inside an IMU

(EI-Sheimy, 2012 The first step in the INS solution is to integrate the raw
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measuremes from the accelerometers and gyroscopes inside the IMU. Because the
phone was mounted in such way that the enclosure frame already matches the vehicle
frame, the raw measurements are already in tfrarbe. Therefore, the mechanization
equations will roate the raw observations from thdrme to the drame (or Hrame).

Note that just running the mechanization equation won't provide an accurate INS as the
solution will drift due to sensor biases explained in the INS Error section dht#ss

That s, in order to provide a proper INS solution, the sensor errors have to be accurately
modelled and removedhe first order differential equations representing vehicle motion

can be mathematically modelled as follows 8keimy, 2012).

pm om
om At ¢ mom m (2.15)

im im ﬁ M

Where the dots on top of the variable represents the time derivative, e, b represent the e
frame and Hramerespectively, and the bold values represent the input raw data from

the IMU. The remaining symbols are:
»is the position vectorc fo
o is the velocity vectord 0 ho
Ais the normal gravity vector
=|# is the rotation matrix from the-fbame to the drame
-.IS the skewsymmetric matrix of the rotation ratl,
ﬁ;j;stheskemsymmet ric matrix representing the
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Iis the specific force vector (raw accelerometereplaions)

'H'_H_IS the skewsymmetric matrix of the rotation rate,it% representing the raw

gyroscope observations.

The mechanization equations are the solution to the first order differential equation
shown above. The following is tle®lution derivation othe mechanization equations in

the eframe as shown in Schwarz and Wei (2000).

1. Remove bias from raw accelerometer and gyroscope measurements:

phy Py fg¥oTp Y (2.19

o# S"o# -|++§’07p Y (2.17

Wherer?EHporresponds to the gyroscope measured angular increments. The subscript

indicates the r@tion is from the dframe to the Hrame and theverscriptindicates the
rotation is measured in theftame.S"O# corresponds to the accelerometer measured

velocity changes. The subscript indicates the measurement is done in the body frame.
@ and® correspond to the gyroscope and accelerometer biases respettiaiy’Y

correspond to the gyroscope and accelerometer scale factors respectively.

Note the biases are multiplied by the IMU operating time increment (inverse IMU
operaing frequency). The reason for this is that IMUs usually output the raw

observations as velocity increments (for accelerometers) and angular increments (for
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gyroscopes). Thus, the bias estimates have to be transformed to increments prior to
being removedrbm the raw measurements. Something worth stating is the-Xloto
Android phone used in ththesisoutputs raw measurements as acceleration and angular
velocity. Thus, raw measurements were also multiplied by the IMU operating time

increment in order to mel the equations above.

2. Remove Earthdés rotation from raw gyrosc
pi_ {tom Vo (2.18

phy Phy P (2.19

Equation2.18t r ansf or ms t he Eart hosframetathebr ot at i
frame. It then multiplies iby the IMU time increment in order for the units to match that
of 2.16 Equation2.19represents the raw gyroscope measurements after being corrected

for the Earthodéds rotation rate.

Note that only IMUs with a gyroscope bias of less than 15 degéreucapable of
sensing the Eart hos erTaisisanimportan{ chneeptAtatenll 1 n c ,
be brought up again in the INS alignment section. V@myendgyroscopes such as the
ones inside the MotX Android phone are unable to sense thelEérts r ot at i on
therefore removing the Earthds rot adsi on i s

added here for the sake of completeness.
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3. Quaternion pdate

Pt — (2.20

SN — (2.21)

i -OE} (2.22

w ¢ AT-Op (2.23
f f \ (N IT | — l—ﬁr']
n n v j— W i i— n

, ™ A . % 2.2

A I’] ﬁ’l_ i & i_rv I’] ( 4)
n n b i— i— I— &g n

Equation2.24uses a quaternion approach for updating the attitude. A Quaternion is a
four dimensional complex matrix that provides a convedniegnathematical
representation of orientations and rotations of objects in three dimer{sohsmed
and Mamatas, 2012)The quaternion contains four differential equations whereas a
rotation matrix requires six differential equations. The quaternion alsalsa the
singularities that might be encountered with rotation matrices when dealing with pitch

and roll values that are close to 90 degreesS(iimy, 202).

Please note that an initial rotation matrix with respect to tfrarhe, expressed in¢h

e-frame is required during the INS alignment procedure which will be explained in a
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later chapter. This rotation matrix is then converted into the quatenibi iy

used in Equatio.24

4. Convert quaternion to rotation matrix ifframe

Y Y Y
{w Y Y oY (2.24
YooY oY
n n n n ¢nNn AN ¢nn AN
¢ AN n n n n ¢nn NN
¢ AN ¢ NN n n n n

5. Transform specific force from-fsame to eframe

|t T — (2.29

yog q#g 0 At Yoy (2.26

Equation2.26 uses the rotation matrix from the previous epe{%, from Equation
2.24to convert the measured velocity changes to tfraree. It also takes into account

the corrected angular increments from the current epoch.

6. Coriolis effect correction
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Tt q T U g v
= ¢ mo g m m U q o (2.27)
1 1 nm U 1

Because the IMU is located on the surface of the Earth, it experiences so called
pseudef or ces from the Earthoés rotation which

2.27shows the computation for the Coriolis Effec

7. Gravity correction

O Ho ho B 1 o
m = O Do HO GO & 6 2.29
Q Q6 Qo Qo a n

The lefthand side of Equatiof.28 corresponds to the normal gravity correction
where r is the radius to tleentreof massof the Earth (origin of drame) using drame

coordinatesi o iy

The rightside of Equation2.28c or r esponds to the Earthos
centri ugal force is a function of the Eartho
axis. That is, equatorial latitudes are under a higher centrifugal acceleration than

higher/lower latitudeg¢Braun, 2006).

8. Apply Coriolis and gravity arrections taneasured specific forces

o A 1160 M (2.29
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Note that the Coriolis;{(i) and gravity (®) corrections are multiplied by the IMU time
increment de to the fact specific forces are measured in velocity increments. The output

of Equation2.29is the corrected velocity increments in thirame.
9. Compute velocity at current epoch
om om T O o (2.30

Velocity at the current epoch is computed by adding the average velocity estimates at

current and previous epoch with the previous computed velocity.
10. Position computation at current epoch
pm = S om 30 (2.3

The position is computed in a similar manner to velocity in Equati8Q Note the

change in time which is integrating velocity to pasiti

11.Convert coordinates from ECEF to geodetic

As was already mentioned earlier, it is more intuitive to deal with geodetic coordinates
than with the drame coordinates. The geodetic coordinates also need tedearuthe

attitude computation.

12.Compute attitude matrix inframe,d I

1} =17 (2:33
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The current attitude estimate from the mechanization equaﬂi@'s rotated into
the local level frame for attitude computation purposes. The rotation n#:w'ix,

computed from geographic coordinates is used for the transformation.

13.Compute attitude

, o0&t {Yop ] oo (2.33
- i "Q‘eﬂ oft (2.39
[ owt 4% plt HYck (2.39

The complete mechanization equation procedure is shown beléigure 2-8.

Normal Gravity

Yo ) 0 N s

Coriolis Acceleration

I

1

1

1

y— y— \4
1’ V]-------m-- >l v |&------ Y

600'Q0bBRQ

7z

Figure2-8: eframe INS mechanization (adapted from Godha, 2006)
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2.7 Inertial Sensor Errors

The mechanizatiorquation process from the previous section is the-teaaning
part of the INS system integrated with an IMU. If the accelerometers and gyroscopes
were free of errors then we would be pretty much done. However thattlseenmdse. As
per EFSheimy (2012, all sensors are subject to errors which limit the accuracy with
which the observable can be measureecall that accelerometer and gyroscope bias
were removed in Equatior’s16 and 2.17These are but a couple of the errors affecting
accelerometers dngyroscopeshatwill be further discussed in this section. As can be
expected, very lovlevel MEMS such as the ones inside the MxtoAndroid
smartphone are going to have much higher errors than MEMS used in the industry such
as the ADIS16488, STIM300, G930, let alone neMEM IMUs such as the IMU

CPT, KVH1750, or LN20@NovAtel Inc, 201%).

The performance of accelerometers and gyroscopes inside an IMU can be quantified
through bias offsets, scale factors, bias drift,-odhogonality of the axeand noise.

The followingequations show the accelerometer and gyroscope measurement models:
-Hl o 2 -||| ooz ill £ (2.39

l I -H-+ o 2 -||=|= o 2 ﬂ+ kL (2.37)

Where thecbHbirpt ovepresents the measured
subscript represent accelerometer and gyr

the angular rate argpecific force respectively. The remaining symbols are:

~

® i Q¢ iOEQ& IQQh Qo
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Sensor output

Scale factor (slope)

Bias offse|

Physical Quantity
(velocity increments or angular increments)

Figure2-9: Visual of bias offsetnoise and scale factor

Figure2-9 above is a very good visufidr explaining what the bias offset, noise and
scale factors are. The-ais represents the true, erfage quantity being measured
(either velocity increments foaccelerometers or angular increments for gyroscopes).
The Y-axis represents the actual sensor measurement. Ideally, if the sensors were
errorless we would expect the ratio slope of the line to be 1 (dashed line in diagram)
provided the sensor output hde same units as the physical quantity being measured
(Langley, 2016) The fact the slope does not start at the origin of the plot indicates the

measurement is in the presence of a bias. Also, the deviation from the ideal slope
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indicates the noise in thrmeasurementand sensor driftChanging this figure a bit will

help explain what a bias drift & shown below iffigure2-10.

Measured acceleration by accelerometer
in line with gravity vector

Sensor output

9.83m/s’ S
Bias drift

9.82m/s? | v, 7

Bias offsdt

9.81 m/¢ True Value

Time

Figure2-10: Bias drift

The xaxis in the figure above now represents time whereas-#xésyrepresents the
measured acceleration by an accelerometer in line with the gravity vector. The example
shows theaccelerometer has a bias offset of 0.01°mighe verystart and a bias offset
of 0.02m/<* by the end of the plot. The difference in the bias at the end of the plot with

respect to the start represents the bias drift. Let us now take a deeper |labkeat@a

2.7.1 Sensor Bias Offset

In literature, it is sometimes referred to as tam bias because of the fact it

represents the bias in the sensor output when the unit is powrerdéds expressed in
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°/h (or rad/s) for gyroscopes arid m/s (or mg) for accelerometers. The sensor bias
offset is a deterministic error that can be removed through a calibration procedure such
as the six position test or the turntable calibration. The former consists of measuring raw
data in six different positiato cancel out other errors and the latter consists on putting
the IMU on a multiaxis turntable whose axes are oriented precisely toftiaene. The
repeatability of the sensor bias offset from tom to turnon is very acarately
determined for indusy-used IMUs (both low and high grade). These errors are so small
in tactical and navigation grade IMUs that their effects are negligitdgyak, 2000)
However, ths is not the case with industaged MEMS and therefore must be taken into
account. As wi be mentioned in the Results section of ttigsisthis wasn 6t t he c as
with the ultralow-end sensors inside the MeXosmartphone. This deterministic bias
offset was not repeatable from power cycle to power cycle and its effect can easily break

the sdution if not properly removed.

2.7.2 Scale Factor Error

As was stated eadr in the explanation fdfigure2-9, the scale factor represents the
ratio of sensor output to true quantity were 1 is the ratio of an ideal sensor. The scale
factor is sometimes divided into linear and a4finear componentuk to the fact the
i nertial sensor 6s r(E-Sheiny 2802). The scatedactorersod c t |y
are measured in PPM and are negligible in tactical and navigation grade IMUs but not
MEMS. As was the case with the sensor bias offset, thes dealtor errors are

deterministic and can be removed through the six position test or the turntable
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calibration. The scale factor errors can change with time in MEMS in which case they
are modelled stochastically. The scale factor errors proved taoiteeirgportant in the

ultra-low-end sensors inside the MaXosmartphoneind had to be found empirically

2.7.3 Nonorthogonality of the axes

This error results from imperfection of the mounting of the sensors and is sometimes
referred to as the axesisalignment error. The result is that the axes are not completely
independent of one another in the body frameS#imy, 202). This error can be

removed through the six position test or the turntable calibration.

2.7.4 Sensor noise

Noise present in the raw signal of accelerometers and gyroscopes adds an additional
signal to the output signals being measuredSligimy 2012. Unlike the bias and
scale factor, noise cannot be determined deterministically and instead must tiednode
stochastically. Noise can be modelled in different ways depending on the stochastic
characteristics it presents. For example, it can be modelled as white, random constant
(bias), random walk, periodic random process, or Gauss Markov. Accelerometers an
gyroscopes inside an IMU are usually modelled as a Gauss Markov process due to its
simple mathematical description and ease of implementation. There are actually two

types of noise that have to be modelled: sensor noise (high frequency component) and
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bias noise (low frequency component). The high frequency component can be easily
found by measuring the standard deviation of each sensor axis over a small amount of
time (usually one or two seconds). Theason for this is that industnsed IMUs
operate at frequency >100 Hz thus a couple of seconds give enough samples to come
with an estimate but ités also relatively
noise is not taken into account. The low frequency noise component is attributed to the
biasdrift noise (and scale factor in MEMS) and is a bit more complicated to model. It is
usually separated from the high frequency noise through wavelet decomposition where
the level of decomposition is determined by the level at which the standard deviation o
the remaining low frequency signal component reaches a minimum (Nassar, 2003).
However, as was shown by Nassar (2003), analilabe explained incChapter 6of this

thesis, INS sensaroise cannot be accurately modelled as a Gauss Markov process and

instead ends up being empirically found.

2.8 Classification of IMUs

IMUs can be classified into different grades according to the magnitude of errors
shown in the previous sectionhdse sensors, in increasing order of quality, are referred
to in the industry as entry level, mid performance level, and high performance level
(NovAtel Inc, 201%). Given the advances in MEMS technologyeothe last few years,
industryused MEMS have l@m grouped into the same grade as FOG technology IMUs
such as the IMLCPT from KVH. Recall that this thesis deals with a MEMS of much

more lower quality that is not currently used for inertial navigation. As,saiactew
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grade henceforth referred to as eatron grade MEMS will be used to refer to MEMS

such as those found inside smartphones.

Table2-2: IMU gradecomparisonsgdapted from NovAtel Inc, 20Ep

IMU Grades Recreation | Entry Mid Performance High

Performance
Gyro Bias (deg/hr) > 720 72071 20 27 5 <=1
Angular Random Walk >0.3 0.0667- 0.3 0.012- 0.125 0.077 0.1
(degrees/rthour)
Accelerometer Bias (mg) >50 >50 1- 2 <=1
Measurement Rate (Hz) <50 100 200 100 200 >=200
Technology MEMS MEMS, FOG Ring Laser Gyrp FOG

FOG
Examples Smartphone IMU-CPT, KVH-175Q0 LN200, FSAS
ADIS16488 HG1706AG62

Table 2-2 above shows some of the metrics used to differentiate amongst the
different grades of IMU, the most important one being gyroscope quality. Although
varying quality of accelerometers do exggtavity is a very strong signal easy to pick up
even with recreatioftevel accelerometers. As will be seen in the next chapter,
accelerometers are used to measure the pitch and roll of the vehicle. Granted, high

performance IMUs will be able to measureagty more accurately than entry level
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IMUs but the accelerometer quality wouldn't be the differentiator in choosing the IMU

needed for a specific application.

Gyroscopes however, are the main differentiator for each IMU grade level.
Gyroscopes thdtave asensor bias offset greater thih deg/hour are not able to sense
the Earth rotation rate which is a very important limitation as far as how to initialize the
INS as will be seen in the next section. Gyroscope quality directly translates to how
accuately heading can be measur@&arring the use of aiddieading in the system, a
low quality IMU won't be able to determirits heading statically. Instead, the heading
will depend on the kinematics the system experiences. If changes in heading are not
observed over a long period of time, the system will lose knowledge of heading and the

estimate will drift according to the quality of the gyroscope.

The angular random walk shown in Table 1 represents the noise level created by the
gyroscope. The higher the quality of the IMU, the easier it is to estimate its angular
random walk and any other noise level/errors due to the sensors being moreCstable
the other hand, as will be seen in the Results seofidhis thesis, the recreatidavel
sensors inside the smartphone proved to have very unstable sensors fromttutarn
on making it very tough to accurately model its stochastic properfié® changing
gyroscope bias offsets and angular random walk fromdano turron the reasons why

the recreation sensor was only able to observe heading accurédtBkjegrees at best.
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2.9 Initial Alignment

As was briefly alluded to when thmmechanization equations were presented, one of
the most important points in INS is the initial alignment. This can be considered an INS
initialization process. Recall that INS sensors provide very accurate relative estimates
due to the epocto-epoch integation taking place in the mechanization equations.
However, they need an initial estimate to know what to add the accurate angular and
velocity increments to. The initial alignment consists of providing an initial position,
velocity and attitude, along Wi corresponding uncertainties for each estimate.
Providing erroneous uncertainties to the estimates could @dhgtireak the filter. Let

usnow talk about the different methods used in the industry to align an INS.

The initial absolute position and velocities are fed through GNSS. Lately, there have
been more and more indoor navigation tests that require use of RFID technology in
order to determine the offset with respect to a ‘ketwn point (whose position is
accurately known by GNSS). Although mathematically possible, these indoor navigation

projects haven't hit the mainstream market as outoiajectshave.

Pitch and roll are easily determined by accelerometers (fromloWtr@&ndto high
end IMUs) beause they are solely dependent on the gravity vecteBh{&imy 2012) as
follows. Suppose an orthogonal triad of accelerometers is sitting on a parked car on a
slope. The specific forces on theaxis and yaxis can be related to pitch and roll as

follows:

Qi 0 (2.38)
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N @i 0 (2.39)

Where "Q and "Q correspond to the specific forces in theaxts and yaxis
respectively;Qis the gravity scalar, andh- are the rotations around theaxis (pitch)
and yaxis (roll) respectively. The formulation is a bit mommplicated when the IMU
is in motion because the specific forces will now measure vehicle motion as well as
gravity but the principle is in essence the samen®ylellingwhat gravity is at each
point we are able to isolate the specific force componeatsatie not related to vehicle

dynamics and can therefore estimate pitch and roll.

The accuracy of the pitch and roll estimates is dependent on the accelerometer biases as

follows (Nayak, 2000):

— (2.40)

- — (2.41)

The heading (or azimuth) is the hardest component to estimate because of a couple of
facts. The first one is that heading not directly observed (unlike gravity). Instead,
heading is indirectly observed through vehicle kinematisre on this later). The
second reason is that only tactical and navigation grade IMUs containing a gyroscope
bias<15/ hr are able to sense the Earthos rot
anIMU-LN200 i s sensitive andipthegefore tibte tostaticallyn 6 s r
tell where its axes are pointingith respect to North. However, MEMS such as the
Sensonor STIM300 (or the ulttaw entry sensors inside the Me¥ smartphone for

that matter), have gyroscope biases greater than tharifeaning they are not able to
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discern where their axes are pointing with respect to North statically. Thus the methods

for coming up with the initial heading estimates in INS are:

1. Kinematic Alignment Can be applied to any IMU but is usually used tfo

| ower end sensors unable to sense Eart:@l
fairly simple process. The course mad:

position over consecutive epochs is injected as an initial INS estimate.

[ OAIl (2.42)

Or, since GNSS already provides velocity through Dopplercarrierphase

measurements, we can use a velocity estimate directly:

r OAT — (2.43)

By doing covariance propagation on Equation 2.43 we can come up with the

accuracy of the heading estimate:

” ] U - » l‘) - (2 4@

Where ,, U is the variance in the horizontal velocity vector amdis the
horizontal velocity. As per Equation 2.44, the greater the horizontal velocity the

smaller the heading estimate.
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2. Static Alignment

For IMUs that do have a gyroscope bias of less thafiht5it is possible to
align the INS statically. In #hstatic alignment, pitch and roll are averaged from
Equations 2.40, 2.41. Heading is found by taking the inverse tangent of the
average of the raw angular increments after having been rotated from the body to

the horizontal. This is shown in Equations32.2.46 below(Petovello, 2003)
A (2.49

© AT %;— (2.46)

Where the bar corresponds to the average values over a specified amount of

time (usually one minute).

3. Aided Heading

This is the optimum method for providing the initial INS heading estimate
due to the fact it is instantaneous and can be usedlovilendor high-endINS
sensors. The idea is to feed the initial heading from an external source. Usually,
this aided heading comes from a secondary GNSS reeamitenna pair that
provides a heading estimate with respect to the master GNSS remngtieena
pair (NovAtel Ing 2015l). The dual antenna GNSS heading also helps constrain
the heading drift (more on that d@hapter 4. Lately, there has also been
research on using magnetometers for providing an aided heading esliargje.
(2014) showed afiltered static magnetomedr-derived solution form the
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commercial product 3DM5X1 had an accuracy of 0.7° when in the absefce
magnetic anomalies and 4.7° when in the presence of magnetic disturldences.
will be further explored in this thesis, the magnetometer inside Moto
smatphone proved to be very unreliable and as such as was not used for heading

even after calibrating for sefton and hardron effects.
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CHAPTER 3: INTRODUCTION TO DATA PROCESSING
METHODS

This chapter provides an introductitmdata processing methods used in thisis
focusing with the Kalman Filter. First, let us start with the most basic of estimation
processes. Growing up we are taught how to solve for unknowns msitigematical
equations that relate known information with quantities trying to be solved. We are also
taught that in order to find a unique solution, we need the number of equations
(observables) to be equal to the number of unknowns. If we are deallng Witear

system of equations we can then represent the equations in the following matrix form:

» e (3.1)
where,

» IS a vector representing the measurements

3 is the design matrix (Jacobian) which represents the derivatives (geometry)

of the functions with respect to the unknowns
e is the vector of unknowns

This works really well matmatically except that in real life we usually cannot
directly measure the quantity of interest and instead must compute it from other known
i nformati on; t hus measur ement and hence
determined. Measurements contalangers, systematic biases due to equipment and/or
measuring techniques, and random errorsStigimy, 2008). Systematic errors and

blunders can be removed if known, but the measurements will still have random errors.
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These errors cannot be computed detaistically and instead must be modelled

statistically. Equation 3.1 would then become:

» e O (3.2)

whereo is the random error in théservations caused by measurement noise.

3.1 Estimation using Measurements Only

Let us consider an example in which the length of a table is desired (thus only one
unknown). If the length of the table is measured 10 times with a measuring tapg (gi
us nine redundant observations), most of the measurements are more than likely going to
differ from one another due to the errors mentioned earlier. Some observations will be
very different from others (due to blunders), whereas a systematic biasenalyerent
in all measurements due tethe observation technique as well as material
expansion/contraction. The best possible estimate in this example (table length) is the
arithmetic mean of the measurements (sans blunders and systematic biases).onhe reas
for this is that the mean is the least squares estimate for a group of measurements of a
certain parameter. The least squares estimate is that in which in addition to satisfying the
mathematical model, minimizes the weighted sum of squares of the alssidinis
condition satisfies the properties of the best estimate which is most probable (maximum
likelihood), most precise (minimum variance), and most accurate (unbiggéed)
Sheimy, 2008) The residuals are the differescéetween the model and the

measirements ¢ in Eq. 3.2). Thus, the least square principle is to minimize the
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difference between observations and the estimates of the state vector. Going back to the
purely mathematical example posted earlier, if we had four equations and three
unknowns here is more than one solution that meets the model, but there is only one in
which the sum of squares of the residuals is a minimum. On the other hand, a system of
equations with the same number of equations (knotwhss unknownsg() would only

have one unique solution and thus no adjusting of observations is necessary.

It should be noted that in the real world we usually deal with multivargate g
instead of univariateg( = 1) problems. Also, ideally we want as many regamt
observations as possible as it means having a better estimate of the parameter(s) of
interest. Thus, the idealistic arithmetic mean procedure of above does not apply to over

determined mathematical models in which ¢ and¢ p.

The general leasquares expression can be derived as follows. Recall that the least

squares principle minimizes the weighted sum of squares of residuals. From Eq. 3.2 ,
o » e (3.3)

wheree is the estimate of the parameters. Thus the cost fundowhich is the

function to be minimized is:

wheresr is the weighting function used. Recall that a function is minimized by taking
the derivative and setting it to zero. Thus, if we take the derivative of Equation 3.4, set it

to zero and solve fabwe end up with:

* IT 7 AT ° (3.5)
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Applying the law of covariance propagation, the covariance of the unknown (state)

vector, f, Is:

P IT T AT AT T AT 7 (3.6)

where f, is the covariance of the observation vector. Settipgas the weighting

functionsr simplifies Eq. 3.5 and 3.6 to:

* I /AT TR (3.7)

Fe 7 F A (3.8)

The least squares estimation shown above is used when dealing with time invariant
parameters which can be fully modelled through measurements (e.g. geodetic networks).
An important concept to keep in mind is that least squares estimation can be used for
linear and nodinear mathematical models. The linearization takes place during the
computation of the design matriwhich as explained earlier is computed through taking
the derivative of the functions with respect to the unknowns. Nioear models rguire
multiple iterations to converge, where th@mberof iterations depends on the closeness
of the initial estimate of the states with respect to the true value of the states. If the initial
estimate (point of expansipROB is not chosen wisely, thalmstment might converge
to a different answer. Thus, the design matrix is constantly changing from iteration to
iteration. It can also be expected to see the residuals get smaller and smaller with every
iteration until the solution converges. On the othand, linear models consist of
constant design matrices meaning the solution will converge in the first iteration

regardless of the POE chod@&it-Sheimy, 2008)
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3.2 Estimation using Dynamic Modelling

The least square adjustment mentioned above is used in estimation processes that can
be fully modelled by measurements. That is, the state vectors are time invariant.
However, many real wor |l d processes and
exampleis GNSS/INS as it consists in estimating the position, velocity anddstatia
moving platform. Timevariant models then need a dynamics model that describes how

the system behavewser time. A continuous timeariant model is modelled through:
Dynamics model e 3000 00 (3.9)
Measurement model »O 9 000 00 (3.10)

where,

3 0 is the dynamics matridescribing the kinematics of the system at tone
e O is the state vector at tinte

e O is the time derivative of the state vector at tiine

7 0 is the shaping matrix of system noise input at time

All other quantities are the same as Eq. 3.2 attime

The discrete equivalent of Equations 3.9 and 3.10, which is what will be used throughout

thisthesis is:
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Dynamics model ° re @ (3.11)
Measurement model » e O (3.12)
where

i Is the discrete state transition matrix from epbobk+1.

is the state vector at epokh

is the state vector at the epdetil
7 is the shaping matrix of the process noise at epoch

is the process noise at the epéahith a covariance matrixk
» is the measurement vector at ep&ch

is the design matrix relating the state vector to the measurements akepoch

=

is the zeremean measurement noise at eplelith a covariance matrix

o

The discrete transition matrix,  , can be computed from the continuous
dynamics m#ix, § 0, provided the assumption the system does not change over the
time transition interval. That is, is fixed from epochk to k+1. The computation is

through a Taylor series expansion as foll¢&wn and Hwang 1997

(0! Loqs0 - 1 E (3.13)

where kis the identity matrix ands0is the time interval. Should the assumption

above not apply, the error can be mitigated by shortetin{Petovello, 2003).
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The discrete process noise is uncorrelated zero mean with Gaussian distribution:
s hQ Q (3.14)

A numerical algorithm presented by Grewad Andres. (2001) for computind'f is
0o o ®230  f | o7l (3.15)
where |If is thematrix describing the spectral densities of the noise in the system.

The covariance matrix of the measuremedtsis defined similarly to the covariance

matrix of the process noise:

4 AQ Q (3.16)

3.3 Kalman Filter Algorithm

The Kalman filter makes use of the dynamics and measurement models above
recursively to optimize the estimate of the state vector by minimizing the variange (Ga
and Sideris, 2007). The Kalman filter is optimal with respect to virtually any criterion
that makes sense due to the fact it processes all available measurements regardless of
their precision to estimate the current values of the state véittiol). This is
accomplished through knowledge system and measurement dynamis®chastic

description of uncertainty of dynamics, measnent errors and system noisesd
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initial information about the variables being estimated. The recursive behaviour of the
Kalman filter means it does not need knowledge of all previous data. This is possible
because the system dynamics are predicted and corrected at each epoch, with each
computation already containing previous
accuacy. This is very similar to the sequential least squares formulatibich
considersa new batch of observationi® conjunctionwith a previously computed
solution. In fact, the sequential least squares formulation is closely related to the

formulationpresented in the Kalman filtér Xéefe, 2008

The first requirement in the Kalman filter is to have an initial estimate of the states
being assessed as well as a corresponding covariance. The covariance is very important
because it will determineybhow much these initial estimates are trusted. If the
covariance is high then the filter wonot
rely on the quality of subsequent measurements as well as the estimation of the

kinematic model to drive itHe

After the initial conditions have been selected, the filter runs through a two stage
processes consisting of prediction and updates. The prediction stage is run at epochs
where measurements are not present, whereas the update stage takes guiattee wh
systemhas measurement knowledge. Theasurement variances also have to be known
in order for the filter to decide to what degree the observations are to be trusted. High
accuracy measurements keep the filter in check by indirectly providing kihgsvief
actual system dynamics. Low accuracy measurements are weighted much less and the
filterds predicted kinematics are trusted

used in the Kalman filter.
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The prediction stage first consists of predigtihe error state using knowledge of the

previous epoch:

° e (3.17)
where
° is the predicted estimate of the state vector at epoch
i Is the transition matrix describing dynamics from epledito k
° is the updated estimate of the state vector at efpdch

As can be seen from Eq. 3.17, the predicted state uses a priori knowledge of the last
known state update as well as #ieematic model of the system. It is entirely possible
° came from a prediction rather than an update, fprediction taking place in
between updates) in which case it wouldebe . As has been hinted before, the
Kalman filter requires knowledgof the quality of the estimates throughout. As such, we

need to know the quality of the predicted stategat which is computed as follows:

g Pl : IF (3.18)

where|  is as defined in Eq. 35land

F is the predicted covariance of the states at egoch
F is the updated covariance of the states at efdch
Equation 3.18 shows th:ﬂ{ depends on the sum of squares of the transition

matrix, which iswe i ght ed by the preglvi oaswelbdsdhe e ds
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system process noi se. The systemdbs noi se

the process noisare arguably thenost difficult part of the Kalman filter.

As mentioned earlier, the update part of the Kalman filter is applied whenever new
observations are fed into the filter. The update part first consists in computing a gain
matrix, K, that determines to whategree the incoming observations are trusted. As
such, the gain matrix is optimized to produce the minimum error varidbodhg

2006).

Lt 22 F 2 A (3.19)

As can be seen in Equation 3.19, the measurement covarancés the main
contributor in determining= . The higher , the smallel and viceversa. The gain
matrix is also a function of the current geometry and the predicted stateacoeari

found in Eq. 3.18.

The next part of the update is to compute the difference between the actual
observations) , and the predicted observations,(Godha 2006). This is referred to as
the innovation sequence and can be thought of as tiduatsy , for the current
epoch. As can be seen below, this is possible by mapping the predicted state into the

observation plane via the design matrix:

T v g e (3.20)

The updated states are then found by adding the current state estimate to the residuals

after béng weighted by the gain matrix:

ar (3.21)
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Finally, the updated covariance of the system can be found as follows:

I L Ly | (3.22)

The stepby-step iterativeKalman Filter is shown below iRigure3-1:

Initial Conditionsg R

v

Prediction of state

[ A [

v

Prediction of state covariance

NOI1OId3dd

Calculate Kalman gain
L F 7 3 3 [€

Update estimate of states
T ] TI [ ]
Update state covariance

° ° 1L

41vddn

T

Figure3-1: Discrete Kalmaifilter (adapted from EEheimy, 2012)

3.4 Kalman Filter in Non-Linear Systems

The Kalman filter, like the least squares adjustment is linear by nature. Thus, when

dealing with nodinear functions such as the ones in INS equations, linearization is
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required. The linearization is a first order Taylor series representation nbtHmear
model about a point of interest which can be either a nominal value, or the last estimate
in the Kalman filter (Petovello, 2003). A ndinear process and measurement model can

be represented by:
° Qe hQ o (3.23)
) Qe hQ p o (3.24)

where"QandQare nonrlinear functions. Le®" be the point of interest at which the

functions are linearized at such that:
fe o ° (3.25)

Wherefte is the perturbation from the pdiof linearization, and®  is the
actual state. Eq. 3.25 holds true if the first order Taglores expansion performed
about the point of interest yields a small enough perturbatiei. Ifis chosen to be a
nominal trajectory then knearized Kalman filter (LKF) is being used. LKFs are then
meant to be used offline where a nominal trajectory is known. However, one of the
drawbacks of this implementation is that the deviation between actual and nominal
trajectories can drift in time without bousdThis in turn conflicts with the small error
assumption used in Eq. 3.25. The second method calledxterded Kalmarfilter
(EKF) consists in linearizing about the previous Kalman filter estimate and considering
the perturbations as deviations betwées estimated state and the actual state. Unlike
the LKF, the EKF does not drift without bounds due to the fact the linearization
trajectory is continuously updated with the estimated results. On the other hand, large

initial uncertainties and measuremeatise may lead to filter divergence (Gao, 2007).
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Usually, the EKF implementatiooff INS applications has the satector resetting after
every update. This holds true because of the tfaattthe Kamman filter is an optimal

filter with zero mean errors (Petovello, 2003).

Going back to Eq. 3.25, if the perturbations are small enough, the discrete dynamics

and measurement models are represented by:
te hfe o (3.26)
#r» g #e o© (3.27)

Thus, just like the state vector, measurements used in the filter are the diference
between the estimated and actual measurements. Other than this linearization step, the
Kalman filter process is the same ag-igure3-1. The final state can then be computed

by manipulating eq. 3.25 such that
° 'Y fe (3.28)

The following block diagram, shown iRigure 3-2, is based on ESheimy (2012). It

shows the EKF functionality in INS applications

Accelerometer and
gyroscope raw data

\l/ Inertial output + inertial errors Corrected
INS O —>| inertial
output

b

Estimation of
inertial errors

GNSS (and other 2| Navigation
sensor)estimate of Aiding output + b Inertial errorc Kalman filter
position, velocity, aiding errors aiding error

attitude

Figure3-2: INS extended Kalmatilter block diagram(adapted from EEheimy, 2012)
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A final important point to note about the INS filter is that as showkigare3-2, the
measurements used in the EKF are actually the diffesdrete/een the observations and
the estimated observations. These observations are either in the form of positions,
velocities, or raw GNSS measurements depending on the type of GNSS/INS integration
which will be explained in the next chapter. However, réigas of the type of
integration, one of the most important updates is called the zero velocity update (ZUPT).
Zero velocity updates are important becabgeknowing the vehicle is stationarthe
velocity errors in the filters can be constrained. Supgoseexample the INS goes
through an urban canyon where no satellites can be observed. As explained earlier, in
the absence of GNSS, the filter will run in its prediction mode only and the INS errors
will grow. However, by stopping the vehicle, the veloatyors are constrained. The
position is already off at this point because no position updates have taken place, but the
growth of the position error is going to be much lower than if the vehicle did not stop

throughout the GNSS outages in the urban canyon
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CHAPTER 4: GNSS/INS INTEGRATION

The previous chapter explained the Kalman filter that needs to be run in order to
optimize the INS errors. Recall that the Kalman filter operates in ast®m process
consisting of predictions and updates. The dynamics model attempts to predithavhat
position, velocity, and attitude of the vehicle will be whereas the measurement model
inherently keeps all errors in check during the update stage. The INS will opettate in
prediction stage ithe absence of observations and will drift at a rateedéeling on the
quality of the INS sensors as well as how accurately the behadighe IMU and its
errors are modelled. This chapter first looks into the two measurement couplirmimeth
followed by an explanation of the importance of properly measurmgMb) to GNSS
antenna offsetThis is followed by a detailed look at the matrices behhel EKF
introduced in Chapter.3Thirdly, an overview of the mathematics behind the aided
headingusing GNSS and magnetometerspigsented. The chapter concludes with an
introduction to vehicle motion constraints used to constrain INS errors when GNSS

outages are present.

4.1 Integration Strategies

There are two integration strategies that are implemented in INS: tight coupling
and loose couplindgrhe difference between both integration methods is in howS5NS

updates are fed into the INBoth methods are discussed below.
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4.1.1 Tight Coupling

In tightly coupled filtering, raw GNSSbservations such as raw psewuthge
measurements, carrigghase measurements, and Doppler measurements are used in the
filter update process (NovAtel Inc, 2095 This then means that with this type of
integration,both GNS and INS updates are computed from within the same filter. The
advantage of tightly coupled filtering is twofold: statistigaligorous sharing of
information is provided amongst the filter states, and there is lower filter noise when
compared to the loe$y coupled solution (Petovello, 2003). However, tightly coupled
filtering is heavier computatiewise due to the added states compared to the loosely
coupled alternative. The biggest advantage of the tightly coupled filtéhais a
measurement update cée computed from two satellites as opposedidor which
would be required from a loosely coupled integratidhat is, a position can be
computed from 2 satellites instead of 4. The reason being that each satellite provides
more than one independent typé observation, with two satellites meeting the
minimum four linearly independent observations required to compute a po3itien.
makes this type of integration essential for challenging scenarios such as urban canyons.

The tightly-coupled integratiorsishown below ifrigure4-1.
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-Position, velocity & attitude corrections
-Accelerometer & gyroscope biases and scale factor corrections

\l/ INSderived pseudoranges
Specific forces . & deltarange
_> % Navigator
& body rates i 2 \I,
IMU

S Navigation Position,
BO Kalmim filter — Xﬁ:?u%g’
’ T GNS8lerived
Satellite signals ——> pseudoranges & delta
GNSS range measurements

receiver

1

Figure4-1: Tightly coupled integratiofadapted from EEheimy, 2012)

Aiding

4.1.2 Loose Coupling

A loosely coupled GNSS/INS integration consists in separating the GNSS from the
INS filter. That is, the vehicle position and velodirsefirst computed by a GNSS filter.
The results of this filter are then fed as updates to the INS filter in the form of position
and/or velocity updates. The main advantage of the loosely coupled integration is that it
can be implemented in systems thag mot able to output raw GNSS measurements. For
example, the Android smartphone used in thissisresearchis only able to output
GNSS positions and velocities meaning it can't be usedtightly-coupled approach.
The second advantage is that loaeipling is a relatively simple and flexible approach
that lends itself to fusing other sensors. That is, the fact the INS is aadbaedfilter

means this integration method does not require as many states in the Kalman filter
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during each update as tigtwupling does. Theig disadvantage of the loosetpupled
integration is that four satellites are required in order to provide an update. That is, if the
vehicle were travelling in anrban canyon scenario where fewmain4 satellites were in

view, it wauld not be possible to provide an update to the filter. Another disadvantage is
that having two separate filters increases noise. This can however be accounted for by
increasing the weights of the GNSS updates prior to feeding them into the filter

(Petovelo, 2003). The looselgoupled integration is shown belowkigure4-2.

-Position, velocity & attitude corrections
-Accelerometer &gyroscope biases and scale factor corrections

\l/ INSderived position &
Specific forces

t velocity estimates
% % Navigator
& body rates 2 ;l/

IMU

Navigation Position,
ﬁ % Velocity,
EO Kalman filter Y

Attitude
‘ GNS8lerivedposition &
Satellite signals ——> —> | CNss velocity estimates

Kalman filter
GNSS

receiver

1

Figure4-2: Looselycoupledintegration(adapted from EEheimy, 2012)

Aiding

As has been mentioned before, tthissisdeals with loosehcoupled integratiomnd
as such ndurther detds will be provided on tightoupling. Readers aravited to read
Petovello (2003pand Godha (2006) for further details on how to consthuetmatrices

used in the tighthcoupled integration.
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4.2 Effect of Lever Arm in INS Solution

The lever arm is the vector that goes from the IMU centre of navigation (where the
INS solution is computed with respect to) to the GNSS antenna phase centre. If using a
dual GNSS setyghen both lever arms have to be known. Lever arm(s) need(® to b
taken into account in reéiime in order to consider the fact the raw GNSS signals are not
being received at the IMU centre of navigation. The longer the separtiggreater
the effect of an uncompensated lever arm on position and velocity estitredtas.first

show the expressions used to take lever arm separatitmnaccount (Petovello, 2003):
3p, A (4.1)

3o, W3TW M =m (4.2)

wheremrepresents the lever arm in the body frame. Thus, at every GNSS update
(usually every second), tmeeasuregbositions and velocities need to be translated to the

IMU centre of navigation. What is the effect of an error in the lever arm computation?
Or better yet, what is the required accuracy of the lever arm computation? Applying

covariance propagation to E@s1 and 4.2 we end up with:
Tan,  min (4.3)

190 miTim % mgp (4.9

Thus, the lever arm effect on position is dependent on the degree of accuracy of the
estimated positions. In other words, the levien aeeds to be estimated as accurasly

the positions estimated by thker. However, from looking at Eq. 4.4 it can be seen that
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the lever arm effect on velocity depends on the rate of rotation. Assuming a land vehicle
that is capable of reaching 30 deg/sec, a 1 cm error in the lever arm can cause a velocity
error of 5 mmg (ibid). Thus, the lever arms should always be measured as accurately as
possible using high quality instruments such as a total station. Alternatively, the lever
arm error can be estimated throughout the lifetime of the filter, thus requiring an initial
uncertainty to be input. If so, it is very important to make sure the lever arm uncertainty
is valid. Specifying wrong lever arms with high weight could cause the filter to break

(Bahan, 2015).

4.3 INS Filter

Chapter two showed the mechanization equations where position, velocity, and
attitude estimates are found through integration of the IMU raw datapiidtess also
involved accounting for the effects afrn-on biases, Coriolis force, gravity, and the
Earthdéds rotation rate. However, j ust i nt e
solution because of the presence of the INS errors. The practical aspects of the EKF

introduced in Chapter 3 adéscussedh this section.

4.3.1 System Model

Recall from Chapter 3 that linearization about the current estimates in the EKF means

the error state rather than the ssateemselves are computed. At the very minimum, the
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EKF running the INS will require nine error states: three for position, threesfocity,

and three for attitude. However, this would also mean that the INS error sources are
completely knownwhich certainly isn't the case. The number of states required depends
on the knowledge of the INS sensors being used which would directindliepetheir
quality. For example, scale factor and rmthogonality errors are so smallhigh-end

IMUs thatthey can be ignored. The same can't be said about MEMS IMUs. We will
refer to the nine main states as the navigation error states and subseeseas INS

error states. Only the loosetpupled integration method will be shown.

4.3.1.1 Navigation Error States

The mechanization equations were shown to be the solution to Equation 2.X6 show

here again for convenience

Readers are invited tead Shin (2001), EBheimy (201), and Savage (2000) for step

by-step derivations on the perturbations to the almpressions. The final result is:

f pm # &
fom imlF c=ge Jma qma (4.5)
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where, the dot on top of the variable represents the ratleapige, e corresponds to the
e-frame, b corresponds to theflame, and i corresponds to thrame. The remaining

symbols are:

# s the position error state vectpi (h i i)

# ds thevelocity error state vectdr 0 h 0 h 0 )

t is the misalignment error state vectorft h )

3 is the skew symmetric matrix of the specific for€@HQRQ)

d is the gravitational gradient coefficient matrix

ls the skew symmetri c maronrthexframefto theree Ear t

frame

3 ®is the rotation matrix from the-frame to the drame

1 " the raw accelerometer measurement error§)( '@ "N
1 0is the raw gyroscope measurement errors0ff 0R 0)

The gravitational gradient coefficient matrix, is shown in detail il\ppendix A

4.3.1.2 INS Sensor Error States

The navigation error states shown are the mininmumber ofstates required in an

INS filter. However as mentioned earlier we diswe to take into account the fact that
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not all of the INS sensor errors are completely known and instead must be modelled.
Recall that for higkend IMUs the turron bias, axes misalignment error, and scale factor
error can be estimated deterministicallyough a sixposition calibration or a local level
calibration. Theremaining IMU errors (biagrift and sensor noi¥ecan only be dealt

with stochastically and as such have to be modelled as separate error states.

The accelerometer and gyroscope measard errors shown in Eq. 4(8 lp: ) are

represented by the following express(Petovelb, 2003;Zhang 2003):
# fF-H-+ ty (4.6)

o ﬁﬂl )

The accelerometer and gyroscope noise, shown in Eq. 4-@hasrespectively,is
modelled as zero mean white Gaussiarthénliterature, the INS biakifts are modelld
as first order Gaudslarkov processes. Gaubfarkov processes are often used in
engineering as they describe many physical random processes with good approximations
(Brown andHawng, 1997. The differetial equation representing biakift takes the

following form (EFSheimy 2012; Schwarz and/ei, 2000):
e R tya 4.7)

Hi At

where accelerometapecific values have subscripta and gyroscopspecific values
have a subscrigs. To simplify the notation the subscripwill be used from now on to

indicate the expression applies to both accelerometers and gyroscopes.
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n:is the inverse correlation time (1/sec) for the sensor
ty is the GausMarkov process driving noise with spectral dengity

nzand Ly (and thereforery ) should theoretically be computed from an
autocorrelation sequence. A stationdiyne-invariant process) is often used to model
INS random errors such as the baagt. Stationary processes are completely defined by
the autocorrelation sequence which is defined by its time constant and variance (Nassar,
2003). There is however arlitation to this Studies have shown that a laggaount of
data is needed in order for the autocorrelation sequence to be accurate enough. For
example, ifthe desireduncertaintylevel is 10%,the required length of data will be
approximately equal to 200 times the correlation time of the process (ibid). Thus,
assuming a reasonable correlation time of 1 hour, 200 hours of data would be required in
order for estimating the autocorrelation sequencth \ai 10% accuracy (ibid). The
autocorrelation method from a static dataset can help with a starting pdintfot— .
However, realistically, these initial values will have to be -fumeed empirically. It is
also worth stating thbias driftnoise (and hence spectral dgty) is the more sensitive

of the two to improper modelling.

The process to compute the bardt and sensor noise values is as follows and has
been applied in previoustudies such as Petovello (200&odha (2006), and ®Ga
(2007). Static raw IMU data is collected for as long as possible. Fath#ssthe data
was collected for about 8 hours although as explained above, the longer the dataset, the
more accurate the estimate of the Gaudsskov parameters. The variance &w

accelerometer and gyroscope datacasnputed over evenly spaced eserond data
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intervals. Onesecond intervals have been used in these previous studies to separate low
frequency noisdrom the actual signahs much as possible. Once the mean of the
variances is computed, the spectral noise density for the sensor noise can be found

throughthe following expression as per Gao (2007)

(4.8)

co

where again the subscripis used to indicate theariableapplies to both accelerometers

(a) and gyrsoscopegj).

, IS the high frequency noise variance for the sensor

0w is thebandwidth of the sensor.

Once the high frequency noise is estimated through the above procedure, wavelet
decomposition is performed on the raw signals. Choosing the appropriate level of
decomposition will separate the high frequency noise from the low frequency part of the
signal. This is found by comparing the standard deviation of the low frequency
component (called the approximation) through different decomposition levels (Nassar,
2003). The chosen decomposition level is that which provides the smallest standard
deviation {bid). The autocorrelation sequence is then computed on the approximated

signal and is represented by the expression below.

Yo o, Q (4.9)

where, is the variance of the approximation dnds the inverse corref@n time

from EqQ. 4.7. A leassquaresnalysisis then done in order to find the valyes andf .
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Knowing these two values is important as it allows us to computeidsedrift spectral

noise density] , (Gao, 2007)

n ¢ (4.10)

Computingy , 3 for accelerometers and gyroscopes gives us the spectral noise
densities required to compute the process noise outlined in Eq. 3.15. Putting Egs. 3.9,
4.57 4.10 together, gives ¢hstatespace model for this i&ate gstem. This system is

made up of nine navigation error states and six sensor error states as shown below in

Eq. 4.11:
(4.11)
# pm T S T T T 4 pm
 gom. o c = 9 = T & gom
n 2. | P ~
”ﬁ‘ﬁ'~ - 70 T - m = "m0
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and the corresponding spectral noise densities fare:
n 1 1 s
] v TT N L1 L1 Y
r<4 &on m n no~ (4.12)
g T T 1S n o
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Note that the scale factor error and fasthogonality errors are negligible for high
end IMUs butbecome more troublesome for lowend sensors. Making this more
difficult is the fact the scale factor error and tm biases changedim turn on to turn
on for lowerend sensors. As has been mentioned throughout, the lower the quality of
the INS semors the harder it is to models errors. The scale factor error could be
modelled directly in the INS filter, or indirectly by relaxing (increasing) the uncertainty
of the sensor nois@Bobye, 20%). Also, attempting to model all parameters may
weaken themodel to a point where the system becomes unstable ,(Ge#a). If
modelled in the INS, the scale factor error is considered to be a-Glawnksy process.
This would then mean there would be an inverse correlation fime gnd spectral

noise density— associated with it, just like for th®as drift

Likewise, there are a couple of ways to deal with the varyingdarhias. The first
option is to observe the biases for about half a minute while the vehicle is static (Kong,
2000). The tum-on biases for the accelerometers can be removed through the following

expression:

S EL TSGR NI Wl (4.13)

Tt
foieo »e . 34 4T n (4.14)

where

4 is the vector of the average specific forces over the defined static.period
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4 is the expected specific forcey rotating the gravity vector from thérame to the

body frame as shown in Eg. 4.1n this method, the turan biases for the gyroscope

are found by computing the average raw gyroscope data throughout tibe et

minute initialization (ibid).

The alternate method is to consider the {oimnbiases as white Gaussian noise in

which casethe differential equation would be represented thg expressions below

(Bobye, 2014)

Fare .. T

'H'Iﬁqo o Tt

(4.15)

Thus, if deciding to model scafactor errors and turon biases as part of the INS

sensor error statethe following would need to be appended to Eq. 4.11:

{hiao oo - Toow Toow  Tooo oo
Ef-}hm . f)’ &Moo Toaw  Toio Toio Oy +(~Y
oy

SN Moiw Toiw  Dyg,  Tow Fey o

. o Tois  Tow g o 1‘%

¢ T+ o ¢ °0 T
(b nO w

with a spectral noise density of

resulting in the 2-&tate filter shown iR\ppendix A
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4.3.2 Measurement Model

The masurement model for the loosedgupled integration is the same regardless of
whether the filter is 1'State or 27%tate. Recall from Chapter 3 that in an EKF the error
states are being estimated and that as such, the INS measurement vectmomsed of
the difference between the INS estimates and the observalimmsbservations in the
looselycoupled integration are positions and velocities. Thus the measurement vector

becomes:
$ o . (419

The expression above is used in the innovation sequence previously shown in Equation

3.20. Let us show it again for convenience:

T 1] ﬂ [ J

The difference between Equationl®.and Equation 3.20 is that the former Usde
indicate it is the error state being modelled rather than the state itself. The innovation
sequence is comparing the actuacoming obsevation updateswith the INS
predictions The innovation sequence was then shown to be weighted \gaitheatrix
prior to being usetbb computethe updated states. Let us show Equation 3.21 again for

convenience:

[ ) [ ) & 'rQ”-

It is also worth recalling thgain matrix,t , uses knowledge of the accuracy of the

incoming GNSSupdatesas well as the predicted INS states in order to determine to
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what degree should the updates be trusibd accuracy of the incoming GNSS updates

were represented b& in Equation 3.19 showbelow for convenience:

Lt 22l 32 A4

The measurement noise variancehiesn
” ‘l A
9 Moo (4.19

Note even though the measurement used is the difference between INS estimate and
GNSS observations, the measurement noise is composed of the variance of the
observationsThe reason for this is that the INS accuracies are already tadiewy into

accaintthroughthe current state covariandg, , in the gain matrix computation.

It is entirely possible to have epochs where only positengelocities are observed
(e.g. zero velocity updates), but having both will provide the best filter updates. T
design matrix in the looselgoupled integration is then:

I%an Toaw Towe o

4.20
T Tooo I?mn Tooe o ( )

4.4 External Aided Heading

As was stated on Chapter 3, the best way to align (initialize) the INS is through a dual
GNSS antenna due to the fact it can be performed on any IMU grade regardless of

whether the vehicle is kinematic or static. The standard aided heading is cofnpuied
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an RTK solution between two GNSS receivers. One of the receivers, called the master,
sends raw observations to the other receiver (called the roxi@ch then uses double
differencing to compute a very accurate baseline between both receiverstéNimcA
2015a). From the very accurate baseline, it is possible to find the heading and pitch/roll
depending on whether the baseline is oriented across track or along track with respect to
the direction of travel. The only difference with standard RTKhat in the latter the

base sending corrections to the rover is fixed. The very accurate baseline is computed,
and the offset is added to the fixed position of the base, thus providing very accurate

absolute positioning on the rover.

The external aied heading from GNSS was not used in this project mssusually
used in the higheend receivers that provide the capability of outputting raw
measurements (something that cannot be done ovetl®n of Android used hergin
However, the Android smarthone does have magnetometers that could have been used
as a heading aiding source. Whether the aiding source comes from GNSS,
magnetometer, arnother sensor, the aided heading plays a very important role not only
for INS alignment purposes. As was exp&din Chapter 2, heading is the most difficult
attitude component to observe due to the fact it is not measured through any force (like
pitch and rol]l which can be estimated if gravity is known). Instead, heading accuracy
depends on the quality of therggcopes inside the IMUnainly turnon biases and bias
drifts) as well as the kinematics in the system. For @tansuppose a higbnd IMU
(single antenna scenario) is used in an application where the vehicle travels in a straight
path for a long periodf time. The EKF running the INS uses previous knowledge of its

dynamics as well as current observations to determine the position, velocity, and attitude
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and to control other errors being modelled. Gravity is observed indirectly through a
gravity mode] which requires positignmeaning the pitch and roll are indirectly taken

care off. The same cannot be said about heading. Thus in a scenario such as this one, the
filter's heading will start drifting as it will lose knowledge of changes in heading over
time. This is the secondary case in which a dual GNSS antenna or magnetometer or any
secondary aiding source will help. By providing constant heading updates, the heading

drift is constrained (slowed down).

If using an external heading sensor or any otjyee of sensor for that matter, all that
is required is to model the design matrix describing the relation of the measurements to
the error states as well as use an appropriate measurement variance. In the external

heading sensor cadbe correspondingow of the design matrix is:

g T m M = ———T (4.22)

where,— — — are the derivatives of the heading function with respect tattitade

errors in the X, Y, and Z of thefeame. Readers are invited to take a look at Godha

(2006) for further details. The corresponding row of the measurement vector is:

17 T i (4.22)

Note that because these equations represent the geometry of the heading measurement
model with respect to the unknowns, the expressions are the saméesegafdvhether
the heading estimate comes from a secondary GNSS antenna, a magnetorsetee, or

othersensorMagnebmeter calibration is shown Appendix B
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4.5 Motion Constraints

As hasbeen mentioned over the last two chapters, an INS solution will drift if there is
a GNSS (measurement) outage due to the system having to rely on its predicted model
that without guidancewill drift. The drift of the system is dependent on the qualfty o
the INS sensors and has been shown before, the INS sensors inside the Android
smartphone are orders of magnitude worse than-&teysensors used in thedustry
(MEMS), let alone higkend ones. Given the fact it is entirely possible for the vehicle t
encounter a GNSS outage in an urban canyon scenario, something has to be done. The
idea in this section is to use the knowledge of the application where the INS is to be used
in order to constrain these drifts. Speally, the INS tests in the researobported in
this thesiswere carried out in land applications. This doesn’t mean it can't be used in
other (e.g. aerial) applications but it means the filter is optimized for land kinematics.
The first constraint is to consider the fact the vehicle wilyenove alongrack (Y-axis
of vehicle frame), thus the vehicle should only accelerate agSukkarieh, 2000 The
second constraint is the vehicle will not experience rapid changes in height over
consecutive epochs. Recall iU operates at a higtate (~25Hz for the sensors used
herein), thus a sudden height change from epoch to epoch is unexpected. Due to the fact
the constraints are to control error state growth during outages, they are only applied

when no measurements are present.
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4.6 Vebcity Constraints

The vehicle constraints mentioned above are derived from the fact the vehicle will
not slip, and that it won't accelerate upwards (Godha, 2006). If both assusnat®
correct, then the acrossack and vertical velocities of theehicle must be zero
(Sukkarieh, 2000). For simplicilysake, let us assume the IMU enclosure frame
matches that of the vehicle frame thus accelerations along the X and Z axes -of the b
frame should be zero. Mathematically, we will require considering me@asmt noise
due to imperfections in the above assumptions. The expected imperfections determine

the magnitude of the noise (ibid). The following block diagram showrigare 43,

explains where velocity constraints would be used in the filter:

Acceleometer and
gyroscope raw data

Inertial output + i

INS

inertial errors

Velocity constraints

Corrected
inertial
output

Estimation of
inertial errors

® mho
O—
b

Inertial errorg

Navigation

Kalman filter

aiding error

Figure4-3: Velocity constraintyadapted from EEheimy, 2012)

A complete derivation of the velocity constraints can be found in Godha (2006). Only

the final measurement model will be shown here. Recall the INS solution was
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mechanized in the-tame. Therefore, the INS velocity estimates need to be transformed

from the eframe to the Hrame as shown below:

o Hfo (4.23

The design matrix relating the velocity updates ftbme-frame to the Hrame is:

(4.24)
MNogm o= varFi= «
i Y Y Y YO YO YL YO0 YO Y T
m Y Y Y YO YU YO YU YL YO Tm
The measurement updates used are:
n 10 0 n
# Sm® o - v<>=|j;f;3;;;6 <« 0 - (4.29

In previous research carried out by Shin (200dstimated velocity constraint
measurement noiseas estimatedby projecting the forward velocity into the x and z
axes using an assumption of the expected misalignment angleepethhe IMU body
frame and the vehicle frame. For the research carried out in this thesis better results were
obtained using the INS velocity accuracies in the x and z axes ftmsthknown INS

epoch that contained an update.
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4.7 Height Constraints

The second type of constraints mentioned earlisrtbado with knowingthat the
epochto-epoch change in elevation is not going to vary much. A constant value of the
height in the area is used asneasurement update, with the value being used from a
priori information or from the last known computed INS update. Applying a height
constrai will prevent the vehicle fromappearing to moveertically when the INS is in
prediction mode during a GNSS age while also improving the horizontatcuracies
(Schwar andWei, 20M@). However, as with any type of INS update, care must be taken
in choosing the measurement variance of the height estimate; using wrong values can
skew the horizontal position (M&ougan, 2003). The block diagram for using height

constraints in the EKF is shown belowHigure 44:

Accelerometer and
gyroscope raw data

<_ ____________________________________________________________
Corrected

Inertial output + . .
inertial

inertial errors
INS C )| output

0 b

Estimation of
inertial errors

O
Height constraint O —> | Navigation
b Inertial errorg Kalman filter
aiding error

Figure4-4: Heightconstraintgadapted from EEheimy, 2012)

As with the velocity constraints, the measurement model isn't straight forward due to

the fact the mechanization takes place in tfime but the-frame is used for output.
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First, let us look at the coordinate transformation from geodeticdinaes toECEF

Cartesiarcoordinates

i 0 QAT_OBEd (4.26)

where,

i i A are Cartesian coordinates

%6 _FQare the geodetic latitude, longitude, and height respectively
0 is the ellipsoidal prime vertical radius of curvature

Qis the ellipsoidal eccentricity

The expression representing the position perturbations inftene with respect to
the perturbations in theffame is as follows. Complete derivation can be found in

Farrdl andBarth (2001)

(4.27)

- SATURT O 6 QOBAAT_O 6 QATWDET ATIRT O

L SATHMDE] 6 QOBAOE] 6 QATMRT_O ATRDE] 71 %o
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O

where
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The design matrix for the heigbonstrain update is computed from the last row@f

N mii] P «F- - v<>pﬁ Or O m

(4.29)

The measurement updates used are:

Bl I<re - vapQ@:.Q 0 (4.30)

where 'O is a constant height value for the duration of the outage. In the research
carried out in this thesi¥) was the height in theast INS epoch that contained an
update. As per Godha (2006), the measurement noi¥® for depends on the quality

of the height being used as constant. Since INS heights from the last known epoch were
used asO , the INS derived heightof the respective epoch was used as the

measurement noise.

Putting togetherFigure 43 and Figure 4, the block diagram representing both

velocity and height constraints is shown belowrigure 45.

Accelerometer and
gyroscope raw data

< """"""""""""""""""""""""""""""""" :
Inertial output + i Corrected
. . ] . .
NS inertial errors inertial
output

o Fo RO b
Estimation of

inertial errors

® mnho mhO

Velocity, height —> | Navigation
constraints b Inertial errorg Kalman filter
aiding error

Figure4-5: Motion constraintadapted from EEheimy, 2012)
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If the motian constraints were to be algsed during the update stage of the filter, the
T ﬁ‘l-FrI matrices would be made up from appending the akquations to the standard
measurement model equations used during loosely coupling shown earlier in the chapter
(Gao, 2007). Du¢o the increasing processing times of doing so, the motion constraints

used in thighesiswere only applied during the predmti stage at a rate of 1 Hz in the

absence of GNSS updates.
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CHAPTER 5: FILTER VERIFICATION THROUGH TRUTH
TESTING

As has been mentioned in previous chapters, the purpdse tésearch described in
this thesis was to develop a loosely gleal GNSS/INS integration using sensors inside
the Android MoteX smartphone and to assess its performance in land vehicle
kinematics. The GNSS/INS filter was written from scratch in C++ with the theoretical
background coming from the sources referenceoutjhout this thesis. Because of the
fact it was known ahead of time it would be hard to get good results with the smartphone
sensors, the INS code had to be first tested against fegkereasieto-model sensors.

This would allow verifying the backbonef the filter was operating as expected.
Otherwise, it would have been practically impossible to distinguish code issues from
filter tuning due to higlsensor noisand sensor variability. Once the filter was verified,
the smartphone s a®assessedothropgh cdmparisores iwithea truth

trajectoryobtainedat the same timeith the vehicle.

5.1 IMU-LN200

The first part of the task consisted in comparing the tigtualypled reatime single
point NovAtel SPAN solution against the INS solution using the created filter. Single
point positioning was used due to the fact the smartphone GNSS receiver would not be
receiving any external corrections either.

assesed to perform to the expected level of the smartphone. As mentioned in the
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introduction, highend sensors were required for this initial comparison which is why the

IMU-LN200 was chosen. The specifications for this IMU are shown b@awAtel,

20159:

Table5-1: IMU-LN200 characteristics

Gyro input range +1000° /s
Gyro rate bias 1%hr
Gyro rate scale factor 100 ppm
Angular random walk 0.079Q
Accelerometer range +40¢g
Accelerometer scale factor 300 ppm
Accelerometer bias 0.3 mg

Input voltage range

+12t0+28 V DC

Power Consumption

16 W

Dimensions

13.5cm x 15.3cm x 13.0cm

Weight

2.99 kg

The IMU-LN200 is a high performance IMU containing three accelerometers and
gyroscopes orthogonally mounted to one another. The IMU enclosure contains the

LN200 as well as an interface card whose main role is regulate IMU power and control
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the highly precise IMU timing. The relatively small size and weight for a high
performance IMU makes this duabnnector enclosureaviant easy to install in tigto

-fit spaces. Important values to make note of are the gyroscope input range, gyroscope
bias, angularandom walk and accelerometer bias. The high gyroscope input odnge

1000 deg/sand overall quality make this IMU a controlled good meaning it is export
regulated by International Traffic in Arms Regulations (ITAR), among other regulatory
bodies. ThelMU-LN2006s gyroscope input range i n |
rates achieved by autonomous military projectiles. The low gyroscop®rmubias of

1% hr makes this I MU highly sensitive to tF
external ipput in order to align the INS. For the purpose of this project, this IMU offers a

highly accurate truth trajectory when used in NovAtel SPAN firmware. The following

are achieved when the IMUN200 is integrated with the tightigoupled INS solution

from NovAtel SPAN under ideal conditions, where an ideal condition corresponds to a

properly seup system experiencing high kinematics:

Table5-2: NovAtel SPAN + IMULN200 (NovAtel Inc, 2016)

Outage | Position | Position Accuracy Velocity Accuracy Attitude Accuracy RMS
Duration | Mode RMS (m) RMS (m/s) (degrees)
Horizontal | Vertical | Horizontal | Vertical | Pitch | Roll Heading
Os Single 1.200 0.600 0.020 0.010 0.011 | 0.011 | 0.022
RTK 0.020 0.050 0.020 0.010 0.011 | 0.011 | 0.020
10s Single | 1.340 0.670 0.030 0.012 0.012 | 0.012 | 0.029
RTK 0.120 0.070 0.025 0.011 0.011 | 0.011 | 0.022
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60 s Single | 3.510 0.960 0.105 0.019 0.015 | 0.015 | 0.039

RTK 2.790 0.630 0.102 0.023 0.013 | 0.013 | 0.031

Table5-2 above shows the RMS accuyaaf the SPAN+IMULN200 tightly-coupled
solution for both single point and RTK under different outages. Note that attitude and
velocity are quite accurate after &-6econd outage, even when in single point
positioning. It is also worth mentioning that due to the fact the INS filter developed was
|l oosely <coupl ed, the filterds perdoiotr mance

solution rather tharRTK. That is, the ifter inputs are single point position and

velocities. The IMULN200 used is shown below Figure5-1.

Figure5-1: IMU-LN200 strapped tovehicle

5.2 Other Equipment Used

The other GNS8elated equipment required to perform the truth testing consisted of

a NovAtel Flexpak6 loaded with GPS+GLONASS dual frequency SPAN firmware and a
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NovAtel GPS702GG pinwheel antenna. Note that only a single antenna was used
throughout in order to assess the INS filter performance without heading aiding. This
allows for a more direct attitude convergence comparison of the NovAtel SPAN-tightly

coupledsolution with the developed loosetpupled solution.

The high grade antenna wattempted to be placetli r ect |y over the |
navigation to facilitate lever arm measuremeitisis was done eyeballing it with the
help of a couple people.h& actual lever arms themselves were measured as follows.

First, a static point (letbs refer to it

ot}

right hand side of the vehicle. The offsets of both antenna phase centre and IMU centre

of navigation vere then measured with respect to this external RP using a tape measure.
From these two offsets, the IMU centre of navigation to antenna phase offset was
computed.The arithmetic mean of three different sets of measurements was then used.

An uncertainty of7 cm was chosen to take into account the fact the measuring tape
wasnot compl etely | evel , yapardinthemeasurements. h u ma
This procedure was chosen because the external reference point was easier to measure to
rather thantie IMU centre of navigation to antenna phaseatre offset directly. The 7

cm uncertainty is just fine for these tests given the fact the GNSS updates usedlare si

point positioning, with metréevelstandard deviatio(Bahan, 2013

The other equbment used consisted of a laptop to store GNSS computed positions
and velocities (to be used as INS updates in developed filter) as well as thmeeal
NovAtel SPAN solution forruth trajectory comparison. Twi? volt car batteries were
used to power t Flexpak6 and IMLLN200 separately. The setup is shown below in

Figure5-2.
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Figure5-2: Equipmentused fortruth testing

5.3 Procedure for Acquisition used for Truth Testing

Truth testing was performed on three datasets with different conditions in the city of
Calgary, AB. The first dataset was an o3y static test that was used to test filter
convergence with zero velocity updates (ZUPTs). The remaining datasets were
kinematic. The firskinematic dataset was obtainedder open skien NW Calgary on
April 18" 2015. The secondtinematic dataset was obtainéd an urban canyon
scenario in downtown Calgary on April 202015. Both kinematic scenarios started
with a static INS alignment which is sometimes referred to as coarse alignmiat in
literature This was followed by making figure 8s with the vehicle in order to introduce
kinematics and provide the filter with changes in heading (sometimes referred to as fine

alignment). This was done until the SPAN INS status changed from
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INS_ALIGNMENT_COMPLETE to INS_SOLUTION_GOODwhich would be at the

point the INS heading standard deviation is less tflaGNSS pseudorange positions,
Dopplerderived velocities, and IMUaw data were stored from the time the receiver
was powered on. These would later be run into the developed INS filter. The datset
locations are shown below Figure5-3 and the tests of the results are discussed in the

upcoming sections.

Figure5-3: Overview of truth tests in Calgary (Google, 2015)

5.4 Static Test

The static test was the first one performed in order to assess filter convergence under
position updates and ZUPTs. It was carried out in the Calgary Transit parking lot in

PanoramaHills in NW Calgary,on a weekend morning when it is for the most part
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empty. A relatively empty parking lot was desired to minimize the effect of multipath on

the position estimates.

The NovAtel SPAN solution with the IMILN200 was once again used as truth. This
static testwas very important becausewas a good starting point farerifying the

overall effectiveness of the mechanization equations and filter updates. The static test

environment is shown below Figure5-4.

A
‘ ‘\
} 1
3

||

TR\

Figure5-4: Statictestenvironment(Google, 2015)

The main assessment of the static test is in attitude as the position and ZUPT updates
should maintain the position and velocity in check. The following is the change in

position for the filter with respect to the first position estimate.
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Figure5-5: Differences in position for static test

As can be seen ifigure 5-5, the position estimates of the filter are weithin the
expected 1.2 metres uncertainfMovAtel Inc, 2015g)for single point positioning
provided by the NovAtel firmware. The position updates were weighted as per their
respective standard deviations reported in the firmwainech were as shown beloin

Figure5-6.
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Figure5-6: Standardleviations ofsingle point position
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The reason why the position estimates are much better in the INS compared to the
input updates is that the final position estimate is not only dependent on the pseudorange
position updates, but rather also on the ZUPTs that were highly weighted filiethe
This shows thaat the single point update level, the INS is going to compute position

estimates of greater quality than those that are being fed as updates. If the vehicle was

mo Vv i

estimates are expected to be less accurate than shown here, but still better than the single
point estimates being originally fed. If the position updates fed into the filter were of

RTK quality, then the expectation would be for the differencpasition with respet to

ng or i f the ZUPT knowl edge positors n 0t

the initial epoch to be dhe cmilevel.

The best assessment on this test is to see what the attitude in the created filter is like.
It is important to recall that an INS is in essence a kinematics filter and that in the
absence of heading aiding sources, the INS heading estimate will drift at a rate inversely

proportional to that of the quality of the gyroscopes inside the INThe following two

figures show the attitude computed by the INS filter during the static test.
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Figure5-7: Pitch and roll during static test
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Figure5-9: Difference in attitude with respect to truth in static test

Figure5-9 above shows there is a bias in the attitude differences between the SPAN
filter and the authegenerated INS. The biases come fromeail#hces in spectral noise
densities between both filters. The bias found in this test is added to trentbiases
already applied to the IMAIN200 raw data in the kinematic datasets for higher
accuracy. After taking into account the biases, the difterem pitch/roll are about 0.01
degreeswhich is within the expected accuracies as per the NovAtel SPAN solution
(about 0.01 degrees). The heading difference (sans bias) is about twice as much as the

NovAtel SPAN specifications which is attributed to better heading constraints in the
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SPANfirmware duringZUPTs. An important point to make is that the NovAtel solution
has the benefit of years of experience tuning the process noise values which is a never
ending process (Dixon, 2015). The results being produced by the -aleteloped INS

are theréore considered to be within expectations. The final computed differences are

shown below inrable5-3.

Table5-3: Differences in attitude between authgenerated INS and SPAN

Pitch (deg) Roll (deg) Heading (deg)
Mean 0.0752 0.0368 0.0415
Standard Deviation | 0.0046 0.0048 0.0310
RMS 0.0753 0.0371 0.0518

5.5 0pensky Kinematic Truth Test

The opensky kinematic truth test started at the same parking lot where the static test
was done and consisted of a round trip to Cross Iron Millshopping complexust
outside of NW Calgary. The test was pretty mutlopensky conditionsfor the entire
durationexcept for an overpass that was passed underneath on the way back from Cross
l ron Mill s. Going below this overpass reqg!
possible to get a single point pseudorange GNSS position from the Flexpak6. There

were a fewred lights encountered on the way which were good to confirm the ZUPT
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capabilities seen in the static test. The traverse also includesspdés of large heading
change which are perfect for testing the attitude robustness of the acrtbaed INS
conmpared to the tighthcoupled SPAN solution. The results were quite good and
confirmed what was said in Chapter 3. That urmsenrsky, there 1snot mu

accuracywise for a tightlycoupled over a looselgoupled integration. The complete

opensky position results argshown below irFigure5-10.

Figure5-10: Opensky kinematictruth test(Google, 2015)

The traverse can be divided into three different sestidhe first section is mainly
north-south at the start consisting of a number of red lights with maximum speeds of
around 60 km/hr. lis followed with a fastmnoving estwest part once the highway
(Stoney Trail) is reached. Speeds in this part were as high as 110 km/hr. The second
sedion is a long fredlowing road interchange for merging in/out of Deerfoot Trail (AB

Hwy 2). The third section goes through a couple of red lights and is slower moving
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when approaching Cross Iron Mills. The aind side of this section shows the merge

back to Deerfoot Trail, where the underpass mentioned earlier is located.

Figure5-11: Sections iropensky truth testing(Google, 2015)

The three different sections mentioned abovEigure5-11 have been shown on all
the plots kelow to better identify whetheéhere is a direct correlation to solution quality
with the kinematics emmntered. The first and last sections correspond to the first leg,
and the middle section corresponds to the Cross Iron Mills sections and includes the

underpass where the INS predicts without receiving an update.

E
C N—r
ez
an ——n Lat
£ 8
g g —n Lon
o .
% g -1 Height
£
o=
= Seconds since INS alignment

Figure5-12: Position difference between SPAN and auipenerated INSapensky)
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Figure 5-12 above shows that the position accuracy of the atgboerated INS is
within the NovAtel single point specifications of 1.2 m horizontal and 1.8 m vertical
accuracies. The S INS specificaions shown in @ble 5.2 represent better accuracies
than seen in this datasethich can be attributed to the difference in tighdbupled vs.
looselycoupledimplementationss well as how the updates fed into the INS are being
weighted. Recall the pdgin and velocity updates in the autlggnerated INS are
weighted as per the accuracies reporin the raw PSRXYZB message frotime
NovAtel firmware. The spike seen the midsection of Figure 82 corresponds to the
underpass where the GNSS outage tplaice. Its appearance indicates differences in

how the vehicle motion constraints were handled in SPAN compared to the {oosely

coupled INS.
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Figure5-13: Velocity difference between SPAN and autigenerated INSopensky)

Figure5-13 shows the velocity difference between the truth and the loaselyled
filter. The largedifferences correspond to thp asomponent which is expected from the
fact satellite geometry is et horizontally than vertically. Thdifferences are within

theexpectation of the filtewhich is for smarphone sensor use.
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Figure5-15: Standard deviationof velocity updates fed into IN®pensky)
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Figure5-16: Satellites trackedpensky)
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Figure 5-14 through Figure 5-16 show the correlation between the position and
velocity updates f& into the INS and number of satellites being tracked. Even though
the only GNSS outage occurred at the underpass on the way back from Cross Iron Mills,
there are a few times in the dataset where the number of satellites tracked dips and these
dips correspnd to a decrease in position and velogtgcision As was explained in
Chapter2, GNSS accuracis directly proportional to satellite geometry, where a better
geometry is achieved with higher number of satellites used. Note that towards the end of
the md-section of the dataset there is a large diftnanumber of satellites tracked. This
corresponds to when the car was right beside the Cross Iron Mills building while driving
in the parking lot. Tie vehicle speed was quite lopart of the sky was cowed, and
there wassignificantmultipath from thdargenumber of vehicles around. One last thing
worth mentioning is that ZUPTs were applied if horizontal velocities fed into the

updates were smaller than 5 cm/sec and were weighted higher thaeroovelocity

updates.
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Figure5-17: Attitude difference between SPAN and autgenerated INSopensky)

This last plot,Figure5-17, the attitude difference between the loosadypled filter

and he truth. The pitch and rollifferences are quite small throughout the dataset
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meaning the normal gravity model was beingpenty handled in the mechanization
equations and corrected accordingly in the INS filter. The heading, as mentioned in
Chapter 3, is the least accurate attitude component due to it not being directly measured
(as pitch/roll are througgravity) but insteadependon vehicle kinematics and validity

of sensomodelling The sections in the plot where heading differences are increased to
just below 3are those in which velocities are lowéne number of satellites tracked

dips, and there is a higher multipatom surrounding environment. Higher multipath
impacts the accuracy of the position and velocity updates in the filter which in turn
affects how the INS errors are handled. Recall the error states in the filter are indirectly
controlled through filter ugates. Thus, if the quality of the updates fed into the filter
suffers, so will how the errors are handled. These things added to the fact the kinematics
are | owered and that ther e iadeacréaseirhgealtdi n g
with which the INS heading is estimated. As was mentioned earlier, the SPAN filter
benefits from a tighthcoupled implementation that has been maintained, improved, and
tested for many years. The position/velocity/attitude differences between both filters can

be seernn Table5-4 below.

Table5-4: Differences between authgenerated INS and SPAN apensky test

Mean Std. Dev RMS
Latitude (m) 0.055 0.273 0.279
Longitude (m) -0.108 0.280 0.300
Height (m) -1.034 0.262 1.068
Velocity N (m/s) -0.013 0.0 0.04
Velocity E (m/s) -0.024 0.043 0.050
Velocity U (m/s) -0.031 0.059 0.067
Roll (deg) 0.059 0.259 0.266
Pitch (deg) -0.038 0.381 0.385
Heading (deg) 0.085 0.935 0.939
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Note there is a large position bias, especially in the vertical componbkith is
directly attributed to the pseudorange positions fed into the ffigure 5-18 below
shows the difference in height between the raw pseudorange positions fed into the filter
and the SPAN solution. The plot is alseedaid with the height standard deviatidrhis
shows that SPAN is better at smoothing positiomests, partly because of the tightly

coupled integration and partly because of how the updates are weighted in the filter.
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Figure5-18: Height differences between rgweudorange position and SPAdpén
sky)

The velocity and attitude differences summarizedlable 5-4 show the loosely
coupled filter matched the SPAN solution well. The loosmlypled filter is thus

considered to be performing within its expectations.

5.6 Urban Canyon Kinematic Truth Test

The second truth test carried out to verify the robustness of the filter was in an urban

canyon scenario in downtown Calgary as shown beldwgare5-19.
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Figure5-19: Urban canyon in downtown Calgaf@oogle, 2015)

The start and end of the dataset wepensky for the most part withihe section of
interest being the downtown core. The dataset has been split into six different colour

coded sections as shown belowleble5-5 andFigure5-20.

Table5-5: Urban canyon sections

Section| Colour | Start End

1 Macleod Trail and 28 Ave. SW | Macleod Trail and 8 Ave. SE

2 Macleod Trail and BAve. SE | 6™ Ave. SE and 3 St. SW

3 6" Ave. SE and 3 St. SW 9" Ave. SW and ¥ St. SW

4 9" Ave. SW and ¥ St. SW 9" Ave. SW and Centre St. SW
5 9" Ave. SW and Centre St. SW Centre St. SW and™Ave. SW

6 Centre St. SW and"3Ave. SW | Memorial Dr. NE and 9St. NE
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Figure5-20: Urban canyon downtown co(&oogle, 2015)

Figure 5-21 below shows the looselyoupled INS and SPAN tightlgoupled INS

resgectively in the downtown core.

The red Xs in the bottom plan view &igure 5-21 represent the areas in which
SPAN used the INS prediction without updates. Thenedst part (section 3) is where
most GNSS outages occurred. This can also be seen in the loosplgd plan view
which is where the largest deviations with respect tthtare present. The tightly
coupled filter is going to produce better results due to the fact a full INS update can be
performed when only 2 satellites are seen whereas an INS update can only be performed
in the looselycoupled solution if 4 satellites aseen. Section 3 for the looseatgupled
integration shows the INS performed well when in predietoly mode. There are
some issues towards the end of this section, due to lower quality pseudovermeed

positions fed as updates. The metrics will @ersin the upcoming plots.
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Figure5-21: Looselycoupled INS (top) vs. SPAN tightigoupled INS (bottom)
(Google, 2015)

Figure5-22 shown below shows the difference in position between the Icosely
coupled INS and SPAN. Section 1 is very good for the most part except for the part
towards the end, which is where some oftitgh rise buildings start appearing. Section

two was surprisingly very good given there were a lot of surrounding obstructions.
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Figure5-22: Position difference between SPAN and autpenerated INS (urban
canyon)

The big issues are seen in the third sectdrich is what was seen Figure5-21. It
IS important to note the error is in the latitude component, and that this third section
traversesnorth-south. This then shows the effect of the vehicle motion constraints
explored earlier. Without these constraiote expectso have a much largéongitude
error than what was seen. The issues of the third section carry over to the fourth section
in the datasetwhich is where the largest longitudinal error is encountered. The
longitudinal error isa product of lower accuracy position estimates gded into the
filter. Sections 5 and 6 are pretty good except for the interface between both. This issue

is caused by the large building on the corner of Centre St. SWatde5SW.
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Figure5-23: Velocity differencebetween SPAN and authgenerated INS (urban
canyon)

Figure 5-23 above shows the sections widrgestvelocity differences were a bit
different compared to what was seen with the position. That is, section 2 showed the
greatest difference in velocity with it being in the forward direction of motion. Just like
it was seen in the position differences, tiedoeity differences are mostly in the aleng
track component. Section 4 has some velocity differences towards the start and the end
and the same can be said about the interface between sections 5 and 6 which already had
been detected as being caused byhthiéding on the corner of Centre St. SW arlyi 6
Ave. SW. The looselcoupled filter then performed better in position compared to
velocity in the urban canyon test. The sections where the greatest differences in velocity
are seen match those where the wdhie wasnoét static thus wh

performed to minimize the errors.
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Figure5-24: Attitude difference between SPAN and autgenerated INS (urban
canyon)

Figure 5-24 shows the attitude differences between both filters. The results were
quite good given the circumstancesich shovs the robustness of the filter for attitude
determination. The reason wiatitude performed better than position and velocity is
that attitude is highly dependent on the process nmigdelling of the INS errors.
Position and velocity are being updated directly through observed updaiek in an
urban canyon scenario aretmoptimal. The filter then needs to be smart enough to know
when to use the presented updates and when to use the INEedeawning using the
IMU raw data only. This is gotential future enhancement that would improve the
robustness of the filtan urban canyons. It can be seenFigure 523 that thdargest
differences in pitch, roll, and heading are surprisingdy through sections 2 and, 3
which is where the largest velocity and position errors were encountered. The estimates

improve once the position and velocity updates improve in sectighs 4
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Figure5-25; Standardieviationof pseudorange position updates fed ilNS (urban
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Figure5-26. Standarddeviationof velocity updates fed into INS (urban canyon)
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Figure5-27. Satellites tracked (urban canyon)

Figure5-25 to Figure5-27 above show the quality of the updates being fed into the

looselycoupled filter. As expected, tHargestupdate error is seen in section 2. Even
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though the update quality improves in theadhsection, the errors frosection 2 bleed

into the INS for some time until the filter is able to stabilize the weighting of the updates
vs. that of the update of the predicted INS solution. From the results seen above, things
start improving towards th&tart of section 4. Surprisingly, the number of satellites seen
throughout the entire datgt is more or less similavhich is why it can be concluded

the issues in the accuracy of the updates in section 2 are mostly related to multipath in

the environrent.

Table5-6 below shows the final metrics for the urban canyon test. Since most of the
position errors were observed in section 3, which norghsouth, it makes sendbat
the highest RMS encountered position is in latitude. Note the mean of the height is
quite high as was seen in thpensky test. Recall this was shown to be directly related
to the pseudorange positions being fed as updates. The velocity RMS was similar in both
latitude and longude components. The low RMS for the upwards velocity component

shows the robustness of the vehicle motion constraint under GNSS outages.

Table5-6: Differences between authgenerated INS and SPAN theurban canyon

test

Mean Std. Dev RMS
Latitude (m) 1.000 4.623 4.730
Longitude (m) -0.287 2.240 2.258
Height (m) -1.627 2.398 2.900
Velocity N (m/s) -0.046 2.239 2.240
Velocity E (m/s) 0.014 2.550 2.550
Velocity U (m/s) -0.003 0.217 0.218
Roll (deg) 0.165 0.752 0.770
Pitch (deg) -0.339 0.577 0.669
Heading (deg) 0.303 1.074 1.116

121



Table5-7 below shows the RMS for each of the six sections previously identified in
the dataset. The height difference RMS for sections 1 and 3 is higher than in the other
sections due to a couple gdikes in the datasets related to outages and lower accuracy
updates. The velocity values agairwshthe alongirack component isshere the higher
differences are seen. The attitude performed really well throughout, with the greatest
issues being encountérén sections 3 and the start of section 6. The overall results of
the filter can be considered successful given fdet its end use is with lowand
sensors. The SPAN tightlsoupled filter is a very robust filter that has been improved
on for a numbeof years. Also, the fact it is tightlgoupled means it is able to perform
full INS updates in more challenging conditions compared to the lcoselyled filter.

The looselycoupled filter used some empirically derived process noise values for the
LN200 kut they could be further tuned to provide better results. This process is quite

involved and is improved on over time.

Table5-7: RMS of differences between authgenerated INS and SPAN theurban

Canyontest
Section 1 | Section 2 | Section 3 | Section 4 | Section 5 | Section 6

Latitude (m) | 2.078 2.03 1070 | 2.255 1.114 1171
Longitude (m) | 0.933 1.367 4.937 2.002 0.604 0.332
Height (m) | 3.913 1.893 3.769 1.068 1.21 1.405
Velocity N 2.304 1.382 3.141 0.824 3.537 0.659
(m/s)

z’nf/'g)c'ty E 0.247 5.322 1.145 4.603 0.579 2.021
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Velocity U

0.1556 0.352 0.208 0.2 0.213 0.178
(m/s)
Roll (deg) 0.300 0.661 1.540 0.765 0.235 0.466
Pitch (deg) 0.47 1.017 0.726 0.196 0.686 0.796
Heading (deg) | 0.096 1.334 2.076 0.698 0.160 1.15
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CHAPTER 6: PROCEDURES AND RESULTS

Now that the filte has been verified with a higdnd IMU, it is time to look into its
robustness usinthe ultralow-quality sensors inside the Me0 Android smartphone.
The first part of this chapter is an introduction to the sensors found inside theXvioto
smartphone. The second part of the chapter will show the procedure usetbo,prior
during, and after acquisition. The third part of the chapter piedsha magnetometer
cdibration results and the last part presents the results of the lecsabfed filter with
the MoteX raw measurements undepensky and urban canyon scenarios, similar to

what was shown in Chapter 5 during the truth testing.

6.1 Sensors inside MotX smartphone

The MoteX Android smartphone has sensors with the specified characteristics
shown belown Table6-1. From looking at theeardown for the Mot (iFixit, n.d.), it
was possible to determine the GNSS receiver inside the-Kiatthe Qualcomm
WTR1605] (Langley, 2016) This receiver is capabl of tracking L1

GPS+GLONASSBeidou(Klug, 2013).
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Table6-1: Manufacturesreported characteristics of MeX smartphone sensors

Accelerometefm/s) Gyroscopgrad/s) | Magnetomete(uT)
Name LIS3DH L3G4200G AK8975
Manufacturer ST Micro ST Micro Asahi Kasei
Maximum range 156.96 2000 1200
Resolution 4.79E3 1 0.1

The manufacturereported specifications are not very usdbr what is required in
the looselycoupled INS integration. Recall that in order for the INS to properly operate
it is required to have a detailed understanding of the sensor errors that can be removed
deterministically and those that are modelled stoatelsti What makes this very
difficult for these types of sensors is the fact the deterministically determined values
change with every system powgycle and that these changes are quite sensitive to filter
operation. The deterministic values endgcdhaving to be determined empirically which
was quite tedious and greatly impacts the ability of the lgasmlpled INS to be run in
real time. Table 6-2 below shows the sensor error values usedpansky and urban

canyon environments. Note that SF stands for scale factor errors and N8B fstan

noise spectral density.
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Table6-2: Moto-X INS sensor characteristics used

Open-sky Urban Canyon

Time increment S 0.032 0.0392

units X Y VA X Y A
Accelerometer bias m/s 0.617| -0.383| 0.057| 0.441| -0.600| 0.057
Gyroscope bias rad/s 0.016| 0.072 | 0.010| 0.009| 0.063 | 0.009
Time constants s -1/14400 -1/14400
Accelerometer SF - 0.01 |0.01 |0.01 |0.13 |0.23 |0.01
Gyroscope SF - 55 |55 01 (45 |4 0.1
Accelerometer NSD (m?/s)/Hz | 1E-4 1E-4
Gyroscope NSD (rad/s)/Hz | 1E-4 1E-4
Accelerometer bias NSD| (m“/s")/Hz | 1E-10 1E-10
Gyroscope bias NSD (rad’/s’)/Hz | 1E-10 1E-10

The first value that stands out frohable 6-2 is the time increment, also known as
the inverse observation rate. Reca# thbservation rate for industaged IMUs is quite
high and is an even number such as 100 25, Hz, or 200 Hz fothe higherend
systemsHowever, in the MoteX case, the observation rater@t 0 WO ¢ @& g U

The v alanietegeuch@d in the other IMUs due to the fact the reported times
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(just like any other reported observation) are quiteyndmslusty-used IMUs have real

time low-pass filters that allow for a fixed observation rate as per thepeotive
specifications. Higherate IMUs are usually considered to have higher grade due to the
fact they are integrating over a smaller time sample thus establishing the first order
linearization approximation in the mechanization equations as a valid assumption. The
lower the IMU rate the larger the time increment, and thhe greater the risk of
making an invalid assumption regarding first order approximations. This means that
IMUs with higher operating rates can be used for high kinematics applications (e.g.

automaticallyguided nilitary projectiles).

The second sets of values that stand out are the accelerometer and gyroscope biases.
As can be seen, the values are completely different in both datasets. It was previously
statedthatthe MoteX sensors have a very high tuon bias variability. The turon bias
is a value determinedhtough calibration for industrysed IMUs yet in this case the
values are completely different every time the phone is poywaed. A field calibration
procedure described in the next sectionhid thapter was performed to come up with
the values. The turan biases are quite important to get right. If these values are off then

the entire solution will diverge.

Another very important set of values ofre the scale factor errors. The
acceleromet er s6 scale factor errors are differ
much as they do for the gyroscopes. This is expected as low quality accelerometers
perform much better than gyroscopes. The specific forces are easier to measure than
rates of rotation Note how large the gyroscope scale factor errors are. Recall that IMUs

used in the industry report scale factor errors in terms of parts per million due to how
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small they are. It was also previously mentioned in Chapter 5 that scale factoighf

endIMUs can safely be ignored due to their small magnitude.

Recall from Chapter 3 that the EKF is modelling position, velocity, and attitude
errors as well as sensor noise and sensor bias noise. These last two values are required to
be moddked due to the fact it is not possiblefitad them deterministically. These values
are tied to the noise of the raw measurements and the biases. In other words, these
values are dependent on the noise in the raw measurenvards depend on whether
the hgh frequency noise has been previously removed viawapass filter. The
procedure applied to the MeX data is explained in the next section of this chapter.
These values are initially estimated through the autocorrelation efrémuency data

mentianed in Chapter 4 and subsequently modified empirically.

Out of all the values shown iiiable 6-2, the scale factor errors are the most
important. Not only is the filter highly sensiévto these values, it is also not possible to
find themthrough an irfield calibration. Thus, the scafactor errors end up being
found entirely through empirical means. The biases are also quite important to the filter
performance but they can at least be computed through tfieldncalibration
mentioned earlier. The filter is also very sensitive tolitases but at least there is a
proven way to estimate them in the field. The noise spectral density values are quite
i mportant but the filter isndét as sensiti\
biases. Estimating all of these valuesahat is often called filter tuning. It is quite a
tedious process requiring a lot of time and patience, especially for those values that are
estimated empirically such as the scale factor errors, and noise spectral densities of

sensor noise and sensoadi
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6.2 Procedure

The following section describes the procedure taken prior, during, and after

acquisition for bottopensky and urban canyon environments.

6.2.1Prior to Acquisition

The original conceptfathe thesis was to develop amdyoid looselycowled INS
that would run in reatime. A C++ program would be writteto first verify filter
adequacy prior to moving to the Android part. However, due to the already difficult task
of creating the filteitself, and the highly variarturn-on biases and scale factor errors,
the Android component of the project was limited to data acquisitistead, the C++

program is ra offline with the raw data collected by the Android application.

An initial Android application was create This application was based dhe
Smartphone IMU GP8&pplication byHector Kay(Kay, 2013) The original application
outputs the raw data from any sensor, whemh ezbservation is time tagged with
timestamp indicating the number of seconds the phone leastbmed on for. The so
call ed AGPSO sensor in the application
horizontal accuracy, and horizontal speed. The application was modified so that the

ARGPSO0O sensor output the foll owing:

1. Geodetic coordinatetatitude, longitude, height

2. Coordinates in#rame
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3. Velocity in eframe
4. Velocity in I-frame
5. Positional accuracy ingame

6. Positional accuracy inframe

The idea of outputting all of the information above was in order to have position,
position accurey, and velocity in both and Hrames. Recall the INS was mechanized
in the eframe so having the input information in thérame made it easier to feed the
data to the INS. Theffame observations were kept due to them being easier to relate to
physially. There were two important assumptions that had to be made in order to be
able to compute the estimates above. First, the course made good of the vehiskedwas u
in order to find change in easting and changeonthing. These values were paired with
the horizontal velocity value reported originally by the application in order totfied
easting and orthing velocity components. Note upwards velocity was assumed to be
zero. Knowing the latitudet was then possible to rotate th&tdme velocities to the-e
frame which is the frame used in mechanization. Secondly, the vertical position
component was assumed to be twmes the magnitude of the horizontal position
accuracy. The assumption is dexivfrom the fact NovAtel receivers report the vertical
position accuracy to be 1.5 times that of the horizontal magn{Gdeha, 2014)Recall
vertical positioning is less accurate than horizontal positioning due to the difference in
VDOP compared to HDQMBoth assumptions proved to work just fine for the level of
accuracy desired in the filter. It is also worth stating the velocity accuracy was derived
from applying covariance propagation to the velocities from the course made good

estimate.
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6.2.1During Acquisition

Two datasets were acquired with the Mdtemartphone on August 222015, one
underopensky and another one ian urban canyon. The paths traversed were a bit
different from those used for the truth performancestddte same NovAtetquipment
used in the truth tests was strapped to the car for truth trajectory comparison purposes.
That is, aFlexpakéwith SPAN firmware, a GP302GG antenna, and the IMUN200.

The IMU was mounted in the same place as it was earlier so measuringethartas

was unnecessary. The only thing required was measuring the offset between the antenna
phase centre and the middle of the ph@taped to the roof of the vehicldj is very

tough from the iFixit MoteX breakdown referenced earlier to tell the @xaosition of

the antenna phase centrefsr the sake of simplicity, the antenna was assumed to be in
the middle of the phon&ven if off by a few cm, this wouldn't be a big deal given the
fact the difference in horizontal positioning is expected tatbihe metre level due to

the accuracy ofthe position updates fed into the filter. Tlventre of thephone was
located 19 cm in front of the antenna phase centre, 28cm to the left, and 7.6 cm below; it
was mounted in such a way that the IMU enclosuradéranatched the vehicle frame for
computational eas&he setup is shown below kigure6-1. Figure6-2 shows the setup

inside the venhicle.
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Figure6-1: Moto-X smartphone location

Figure6-2: Location of Flexpak6 and IMULN200

Something important wortimentionng about the acquisition process is that the
Moto-X has differentselectable operation ratésat are somewhat ambiguous. They
range fromslow to fastestor from normal delayto fastest delaydepending on the
application being used.hese, as well as the actual measurement rates for the different

options are shown beloin Table6-3.
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Table6-3: IMU operating rates in MotX Android smartphone

Terminology in | Official  Android | Official Android Operating

application used terminology o frequency (Hz)
description

Slow Normal delay Rate (default) suitable fg ~ 10 Hz

screen orientation changes

Medium Ul (user interface) Rate suitable for usg ~25Hz
delay interface

Fast Game delay Rate sitable for games ~40 Hz

Fastest Fastest delay Get sensor data as fast | ~ 50 Hz
possible

Tests were performed to see which rate would work best. The highest data rate was
desired in order for the firgirder approximation assumptions during mechanization to
beas accuratas possibléi.e: to have shortegtossible time between epoghklowever
the fastest delay proved create data gaps so the IMU rate was slowed down until data
gaps weren't apparerithe chosen data rate for all datasets masgium(user interface
delay) which as mentioned earlier ended up being a 25.51 Hz rate (0.G298pding
interval) after the application of a lowass filter which will be explained in the

following subsection.
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The last thing worth mentioning is that there was a half a minute static period right
after both systems were powerea The reason was to be able to estimate thedarn

biases from Eqs. 4.16 @4.17 (Kong, 2000).

6.2.3. After Acquisition: Discrete Wavelet Decomposition

Once the data was acquired and downloaded from the pliomas fed through a
wavelet decomposition script created through Scilab, the-sparce MATLAB variant.
Scilabuses many function calls from MATLAB making it very easy to use. The sensors
inside the MoteX smartphone have the signal buried by noise. The noise can be
alternatively taken into account through the spectral noise densities in the filter. The
wavelet sigal decomposition method was chosen due to it being more scightific

based rather than triahderror based.

The purpose of wavelet decomposition is to projeetsignal ontoa family of basis
functions generated through compressions and titersdaof what is called the mother
wavelet; where the mother wavelet is a short oscillating zero mean function that decays
quickly at both ends (Nassar, 2Q0@-Sheimy et al., 2003 Wavelet decomposition
splits the original function into a low frequensignal referred as the approximation and
a high frequency signal referred as the detail. The approximation is then further
decomposed into its own approximation and details section, and so forth. Every time this
happens, the signal is being decomposedhéurtand is referred to as the level of
decomposition. The level of decompositiirOD) is crucial in controlling how much

filtering should be done. Also of importance is that according to the Nyquist thabrem,
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a signal is sampled &the highest fregency component of the signal in the first level

of decomposition is 0'® The second level of decomposition would be half of that
(0.25Q) and so on (Langley, 2016)his applies to each level of decomposition and is an
important concept which willdused in determining at what level of decomposition to
stop. Having more levelof decompositiothan required will end up filtering out actual
observed kinematics while having a lower level of decomposition than required will not
filter out as much noisas required. For a detailed introduction to wavelets readers are
asked to refer to Nassar (2008)d E+tSheimy et al (2003) Figure 6-3 shown below

illustrates the wavelet decomposition process.

Original
Signal fs
CANBRUOU fS@St 27F AL | 02 D1
Secondevel of RS 02 Y LJ2 & A A2 | f/4 D2
A: Approximation
—| D: Details
Thirdt S@St 2F RSC| A3 | /8 D3 Fs: Original signa
frequency

Figure6-3: Waveletmultiple level ofdecomposition (adapted fronassar, 2003)

Finding the level of decomposition for static data is simple because the only forces
present are gravity, Earthbés rotation

Kinematic datasets like the ones dealt with Hexeeacceleratios and rotations whose
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effects with the datmeed to be maintained. The procedure used for determining the
wavelet level of decomposition for a kinematic dataset is as follows. To keep the section
concise, only the plots corresponding to the raaxis acelerometer signal will be
shown but the procedure was applied to all accelerometer, magnetometer, and gyroscope
signals in bothopensky and urban canyon datasets. The procedure was followed from

Nassar (2003).

1. Compute Fourier transform of raw signal. Since the IMU operating rate in this
case is 25.45 Hzhe Nyquist frequency is half the sampling rate (12.7 Hz) and
corresponds to the highest frequency that a sampled datase¢ cgproducd

without error The fequency response is shown beloviFigure6-4.

0.16

0.12

0.08

Amplitude Spectrum

o 1 2 3 4 5 6 7 8 9 10 1 12 13
Frequency (Hz)

Figure6-4: Amplitude spectrum for raw-a&xis accelerometeopensky)
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2. Use the frequencresponse plot to determine tirequency threshold of usable
motion kinematics and high frequency noise. For Haxig accelerometer signal

shown above, this would be around 0.5 Hz.

3. Run discrete wavelet at different levels of decosifan until the frequency
response of the remaining approximated (low frequency signal) does not contain
any responses beyond the threshold specified in step 2. The db8 family of
wavelets was selected due to it being previously successfully used in tiiNByda
Gao (2007). Figure 6-5 below shows the first fivdevel of decompositions

(LOD).

Amplitude Spectrum for Accelerometer X-axis after Wavelet db8 with LOD =1
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Amplitude Spectrum

Amplitude Spectrum

Amplitude Spectrum for Accelerometer X-axis after Wavelet db8 with LOD =2
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Amplitude Spectrum for Accelerometer X-axis after Wavelet db8 with LOD =3
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Amplitude Spectrum for Accelerometer X-axis after Wavelet db8 with LOD =4

0.12

0.08

Amplitude Spectrum

0.04

0 1 2 3 4 5 6 7 8 9 10 11 12 13
Frequency (Hz)

Amplitude Spectrum for Accelerometer X-axis after Wavelet db8 with LOD =5
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Figure6-5: First 5 LOD for raw xaxis accelerometeofpensky)

4. Use final approximated signal (LOD=5 from above) as raw data in INS. The

filtered x-axis accelerometer data is shown belowigure6-6.
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Figure6-6: Original and filtered »axis accelerometeopernsky)

The procedure for filtering the time signak. the timestamps, which are shared for
every sensor signalwas different due to the fact the signal is not experiencing any
kinematics. Timing is very important because the time between IMU observations is
required in both the mechanization equations aadEWF. In this case, we are inteesbt
i n fil ter i ntlgatigtheechange in §imedgrana époch to epoch. Should this
value be off it would be impossible to get the INS to converge to a true solution. The

procedure for filtering noisy static sigis is again developed from Nassar, 2003.

1. Apply wavelet decomposition to static data at different levels of decomposition.
2. Compute standard deviation for each obtained approximation component.
3. Proper LOD isthe one after whichthe standard deviation reaeba minimum

value
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Figure6-7: Standardleviations ofapproximations for each LOD

Figure 6-7 shown above shows the first standard deviation minimum (before it
increases again) is found at LOD of Flgure6-8s hows t he raw and f il
This is how the 0.0392 s betweenoeps used in the INS was found. Note that
originally, the idea was to use tehas raw
shown in Chapter 2, the success of the mechanization equations depends on the valid
assumption the kinematics can be represented by a first order approximation. The added
noise from the raw time signal proved to be relevant enough to cause thie filieerge
due to invalid duration of integratioifrilter convergence was attained when removing

the noise from the time signal.
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6.3Magnetometer Assessment

The MotoX smartphone has three orthogonal AK8975 Hall effect magnetometers
that can be used for determining the phone
most common magnetic sensing devices used and consist in producing a voltage across a
metallic surface in response to a magnetic field perpendicular to the metallic surface
(Cai et al, 2012 Langley, 2003 These typgof magnetometers lend themselves more
as switches (e.dor anantilock braking system) than as heading measuring degioes
to their lower measuring accuracy and significant drift. Hall effect magnetometers
produce smaller output sigsahnd have comparatively low sensitivity and stability
compared to other methods such as ansiotriopign@atoresistive (AMR) sensors; AMR
sensors have been shown to produce accurate heading estimates after being calibrated

(Renaudin et al 201Q Langley, 2003 Even so, that study only dealt with static
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headings and calibration of the environment in which the magnetometer was mounted.
The ferromagnetic components of the outside environment in a kinematic application

will certainly affect the raw measurements.

The smartphone magnetometers measure the sum of geomagnetic field plus any
magnetic interference caused by ferromagnetic coemsnin the circuit board
(Ozyagcilar, 2012a). The magnetic interference is caused byirbaré&nd softiron
effects. The former are caused by permanently magnetized components in the circuit
board and induces a bias in the magmedter measurements. Tladter distorts the raw
magnetometer measurements and is caused by temporarily magnetized components in
the circuit board (ibid)Five calibrations were done atfferent days in order to find
how consistent the values ar€able 6-4 below shows the final results. The offset
represents the haitbn effect and theo  unitless matrix represents the sioétn effect

(see Appendix Bor further details omagnetometecalibration$.

Table6-4: Magnetometer calibration results

Calibration Bfiel (Of fset W
Magn June6 2015.csy 65.0014

T™™iqCqT TBIPULL TATTY TEBTTT
T8t p Yy TBITTTT@EEIP LU TMIIBT T TT P
g8 oU C MBIM M UG M M OTEI 0 U X

Magn Augl 2015csv | 63.4919

T8 TIX ) TBIPULUWTETTC TS T T |
T T T\ TBITMTTNMCIBIP LV OCTBITITP
8 T o MBI M OTBI T T O TIBL O @ T

Magn Sept5_201%sv | 63.0598

TP TT)Y TEIPOT TETTT TS T T
T® T 1T TBIMMITBIP UT TWBITTTP
® U o MMM ITBI MO T30 © 0

Magn_Dec102015csv | 63.8331

T p@q¢ TABIPULWTBTTUL T TT T (
T8t T Y ) TBITITMUTBIP U T TWBITITT P
T3t X 0 TN OISO T8I0 OO0
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Magn_Jan3 2015.csv| 62.1444
T PP( TBIP QT THITITTT TS T TT 1
T8 PG( TBITMNTIMBIPU QTBITITP
3L Y W BN OISO T OT

Table 6-4 shows the hartton effects are very small compared to thagnitude of
the magnetic field, both of which are shown in units ©ff The softiron effect
matrix,0 P, appears to be fairly ceistentfor all calibrations. The five values were
tested on botlopensky and urban canyon datasets to find how much of an effect the
values would be and the results were pretty much the $agwee6-9 below shows the

results of the MoteX magnetometers compared to SPAN (truth) indpersky test.
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Figure6-9: Heading frommagnetometer compared to SPADpEenrsky)

The opensky test shows the magnetometirived heading closely followed that of
the SPAN heading until about the "™50epoch. From this epoch onwards, the
magnetometers appear to be recognizing the changes in heading but are not as sensiti
as they should be causing the heading estimates to never go beyond 260 degrees and

below 188 degrees. Even though the magnetordeteved heading is quite off from the
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truth, it somewhat follows the shape of the SPAN heading. In fact sections indketda
where the heading does not change are properly represented in the magnetometer
derived heading. This means the sensor errors are not completely randamarhtier
related to sensitivity, scale facoved.tA error
few scale factor errors were empirically
culprit appears to be a sensitivity issiteis also worth noting that the magnetometer

was previously testeth the same parking lot used for static filterigtation in Chapter

5. In these tests, the Android orientation sensor was used to assess the validity of the
sensors while being far from any metal objects/surfaces with unsuccessful (Eselts.
previous successfultests of smartphone magnetometers sashin Mourcou et al.

(2015), it is possible the magnetometers inside the Motsed in this thesis research

are defective.
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Figure6-10: Heading frommagnetometer compared to SPAN (Urban Canyon)

Figure 6-10 above shows the magnetometierived heading as well as that of the

SPAN solution. The first thing that stands out is the changes in heading are much less
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apparent in this scenario which cdlle attributed to how different the environment is
compared to thepensky test. The difference between both is much more substantial in

this dataset.

In order for the magnetometers to be able to provide heading aiding to the 4oosely
coupled INS thy certainly need to be able to have more accurate heading estimates than
what was possible with the sensors inside the Mogensor. Studies regardipdone
magnetometer use for heading estimation have been previouslyimanheilar urban
environments€.g. Blum et al. (2012)) vhtsimilar unsuccessful results and those were
done with smartphone magnetometers that proved to work unlike the one used in this
thesis researchl’he upcoming MoteX results thereforelo not considelany type of

heading aiding.

6.4 Open sky Results

The main purpose of this thesis is to assess the performance of the-tumgsgd
INS using the MoteX Android smartphone sensors. Just like it was done with the truth
testing of the filter, there are two datasets; the first gp@rsky and the scond in an
urban canyon scenario. Both tests were carried out in Calgary, ABopgéresky test
started at 1120 68" Ave. NE and consisted in traversing northwards towards the Cross
Iron Mills outlet mall, just outside of Calgary. There #&quicker, moe direct route
through Deerfoot Trail but the chosen route contained bigger changes in heading and

passed through multiple traffic lights. The trajectory is shown beldvigare6-11.
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Figure6-11: Opensky dataset with MotX (Google, 2015)

An assessment similar to the ones that were carried out in the truth testing part of the
thesis was performed here. That is, the route traversed was split up into different
sections to make it easier to identify the different sections whiewy doe aalysis. For
this opensky test, the route traversed was split up into five different sections shown

below.

The first section starts at 112068" Ave. NE and goes right until after the Deerfoot
Trail overpass that turns into Beddington Trail NW. TWexy start of this section
contains speeds of around 50 km/hr with a few tight heading changes at first on the way
to 64" Ave. NE. The vehicle then speeds up to 100 km/hr once it has merged onto
Deerfoot Trail before slowing down to around 70 km/hr fa €nd of this first section.

This part does not contain a lot of changes in heading.
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Figure6-12: Section 1 & Section 2 of opesky datasetGoogle, 2015)

The second part of the dataset does not contain a lot of changes in heading. It starts
from whenit memed irto Beddington Trail NW and emsdright after merging into the
northward bound Harvest HilBIvd. NW. There weren’t any stops in this section as the
traffic light at the intersection of Beddingtd@ivd. NE and Beddington Trail NW was

green when the vehicle passed. Speeds were between 60 km/hr and 85 km/hr.

Figure6-13: Section three abpensky datase{Google, 2015)
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The third section shown abovekigure6-13 was traversed northbound on Harvest Hills
Blvd. NW. There are a lot of stop lights in this section and speed was limited to 65

km/hr. There are a few slight changes in heading but no tighéis
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Figure6-14: Section four obpensky datase{Google, 2015)

The fourth section of thepensky dataset (shown above Figure 6-14) starts as
soon as the car has mergado Stoney Trail NW and goes up until it has merged back
onto Deerfoot Trail. This section contaiapeeds of up to 115 km/hr andsévards up
until the long overpass that merges into Deerfoot Trail. There were many vehicles
around this section but there aren't any buildings that could induce multipath into the

GNSSreceiver

The fifth and last section of the opsky test is shown below iRigure6-15. It starts
Northbound on Deerfoot Trail until merging onto Crossiron Dr. However, unlike the
truth test shown in Chapter 5, the vehicle did not go to Cross Iron Mills. Instead it took a
right on Deerfoot Blvd. and then drove Southwards on a road thallefaraith
Deerfoot Trail. The test ended at the intersection of this road (Writing Creek Crescent)

with 144 Ave. NE.
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Figure6-15: Section fiveof openskytest(Google, 2015)

Table6-5: Start,end epochand cumulative timéor opensky test

Section| Start epoch| End epoch| Time | Cumulative time
1 1 186 30 365060
2 187 289 164 4064706
3 290 693 664 11630606
4 694 922 364 15618696
5 923 1172 40609 1962760

Recall that throughout these tests, the SPAN unit was strapped to the car in order to

have a truthdatasetto compare the vehicle against. The following plots assess the
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validity of the looselycoupled filter using MoteX sensors with that of the tightly

coupled SPAN system that uses ttigh-endIMU -LN200.
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Figure6-16: Difference in position with respect to SPAdpensky)

The first plot shown above iRigure6-16 shows the distance separation between the
looselycoupled solution and SPAN. The first thing that standt is that the height
component contains the highest deviations out of the three and is also the noisiest. Other
than being the least accurate component, recall that the standard deviation of the height
measurements were not reported by the phone alihstieese values were assumed to be
2 times the magnitude of the horizont al a
magnitude as a guide). There isnoét any c
concerned with respect to the different sectiohthe dataset identified earlier. There
are a few spikes in vertical accuracy but these are not directly related to the accuracies of

the input positions fed into the filter as shown below.
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Figure6-17: GNSS position updatgandard deviatio(opensky)

Figure 6-17 shown above shows trstandard deviatiolf the GNSS positions that
were used as updates in the filter. Recall that the phone only reports a horizontal
accuracy. Thisstandard deviationvas $lit up into northing and asting components
using the changes from the course made good computBighe6-17 shows there are
quite afews pi kes i n the dataset but there aren
first, it appears this could be due to section two having clségeand being away from
multipathinducing obstructions. However, the spikes are prevalent in the fourth section
of the datasetwhich takes place in Stoney Trail under what is considered to be away
from any buildings that cause multipath. The difference is that Stoney Trail (section
four) was much more congested than Beddington Trail (section two). Also, around the
time data collection took place, there were a number of large vehicles around the test
vehicle which inducel much more multipath. One last thing worth mentioning is the
magnitude of the three dimensional accuracies is 6 metres at minimum and goes up to

over 10 metres, with the height component being the main culprit at why it is so high.
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Figure6-18: Difference in velocity with respect to SPANpensky)

Figure 6-18 shows the separation in velocity between the loeselpled filter and
SPAN. The start of the dataset showbit ofa difference in arthingand esting which
can be attributed to initial bias convergence taking place in the filter. There are quite a
few spikes in the data which indicates noisy filter updates. Unlike with position, there
was no indication of the velocitgtandard deviatiofirom the GNSS eceiver in the
phone. Again, since the looseatpupled filter uses GNSS position and velocity as
updates, an estimate of some kind weguired. The velocity standard deviatioms
computed by performing covariance propagation on the velocities foundfénedcing
subsequent positions and dividing them by the change in Aftteugh far from ideal,
this assumption was definitely required in order to have some sort of metric with which
to judge the incoming velocities in the filtekfter all, the standar deviations of the
updates are used to determine how nmthehupdates shoulae trusted. Having access to
velocity standard deviatiomirectly from the GNSS would have been better. Recall

GNSS velocities aresuallycomputed through Doppler measurements.
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Figure6-19: GNSS velocity update standard deviatiopensky)

Figure 6-19 above, shows the accuracies of the velocities used as updates in the
looselycoupled INS filter. Note the pattern of tispikes is identical to Figure-B3
which makes sense considering the fact these were directly derived from position, hence
the same analysis applies. The magnitude is about 80 cm/s throughout which is quite

high and will have an impaonh the attitude reported by the INS.
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Figure6-20: Difference in attitude with respect to SPAdpénsky)
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Figure 6-20 shown above shows the attitude performance in the filter. Pitch and roll
are bounded within 10 degressoughout This is good considering there are a number
of pitch and roll changes encdared at the end of each section in the form of
over/under passes. The first one is encountered at the end of the first section as the
vehicle mergesnto Beddington Trail NE, the second at the end of the second section as
the vehicle mergesnto Harvest HillsBlvd. NW; the third one as the vehicle merges
onto Stoney Trail and the last grehich is the biggesbne as the vehicle merges back
onto Deerfoot Trail. Recall as was mentioned earlier that pitch and roll are dependent on
removing graviy from the observed specific forcgwovided the states in the filter are
being wel modelled. Thus, we expedb have pitch and roll metricsomewhat

equivalent throughout the four sections of the dataset.

As has been previously mentioned, thedeat component to accurately model is
heading. It was stated before that heading depends on kinematics as well as sensor
quality and how well it i9eing modelled. Frorrigure6-20 we can see heading stasats
bit off from the SRAN truth (around 10 degrees), before worsening dramatically around
epoch 154n section 1 The fact the heading converges afterwards indicates some of the
initial biases mighthave taken some time to converge meaning the initial estimates
might have been a bit off. The estimate then improves through sections two and three
which encounter slight heading changes at a speed of up to 65 km/hr. The heading
component might have beeelped from the more accurate updates that took place in
section two and it is encouraging to see it continued to improve through the lower input
position and viecity updates that were shown Figure 6-18 and Figure 6-20. The

heading difference starts increasing again in the third section of the dataset as the vehicle
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is on the overass that merges into Deerfootall. The GNSS position and velocity
inputs iow a steady decrease in quality during this period presumably from multipath
of surrounding vehicles which could explain the effect on the heading estimation.
Section 4 does not contain much improvement as far as quality of inputs are concerned
but thereare a number of steep turns that help corvéing heading difference back to

the subl0-degree range. The two spikes shown in this section four directly correlate to
when the vehicle makes the sharp turns. Another way of seeing the heading difference is

by plotting it for both authecreated INS filter and SPABSs shown below
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Figure6-21. Heading comparisoropensky)

While Figure6-21 shows the best solution that was attainable it is important to note
the filter had to beun offline and that numerous attempts were required in order to best
estimate the turon biases andcale factors. A slight change in any of these values and
the entire solution completely diverges, producing a heading plot that looks nothing like
the one above. Nonetheless the results are better than what would have been expected at

the start of tk thesis research There are still a number of parameters that affect the
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quality of the solution such as how the incoming GNSS updates were weighted, the low
operating frequency of the IMU, mimodelled biases, and kinematics that might have

been removed whehe data was smoothed via wavelet decomposition.

Table6-6: Differences between Motd and SPAN inopensky

Mean Std. Dev RMS
Latitude (m) -1.612 1.529 2.224
Longitude (m) 0.009 1.460 1.460
Height (m) -0.060 3.363 3.363
Velocity N (m/s) 0.004 0.406 0.407
Velocity E (m/s) 0.006 0.388 0.3885
Velocity U (m/s) 0.030 0.319 0.321
Roll (deg) -2.833 2.967 4.102
Pitch (deg) 0.0437 2.506 2.506
Heading (deg) 6.316 11.608 13.215

Table 6-6 above shows the final metrics of the entire dataset. Posiigm the
height component is where the biggest RMS difference is seen, and the longitude
component was considerably better thatriude. This is because of thE612 m bias in
latitude which is skewed by the quality at the start of the dataset which is caused by the
building in front of the car blocking some of the satellites in tiothern direction.
Velocity appears to have &e quite good considering the assumptionshow the
velocity updates were filtered into the INS filter. The mean velocities are very close to
zero which is what was also seen in Chapter 5 when the filter was being assessed with
the IMU-LN200. Attitudewise, there is a bias in roll which is attributed to lower roll
accuracy caused by the over/under passes encountered throughout the dataset. The pitch
estimates were much closer to truth under these conditions. The biases in both roll and

heading can also lmused by issues in the tuwn bias and scale factor errors. Heading
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was actually quite good considering the quality of the sensors used but as was mentioned
earlier it is pretty optimistic to expect this kind of behaviour in a filter Waild run in
real-time in the phone. The twon biags were modelled through the halfnute static
calibration but the scale factor errors had to be found empirically afterwards. A slight
variation in turron biases, scale factor errors, initial estimates, or procss and the

entire INS completely breaks dowirRecommendations for improving the performance

of the INS are described in Chapter 7.

Table 6-7 below shows the RMS of the differences for each specific sectitime
datasetPosition quality was very similar throughout (except for the latitude bias which
skewed the start of the dataset). The RMS for the velocity differences was impacted in
the first and fourth sections of the dataset by multiiatin surrounding objectAlso,
there is a decrease in aletigck velocity accuracythat is evident in section 3
(predominantlynorthwards facing) and section 4 (predominaetdgtwards direction of
travel). Headingwise, section three had the best heading estimatitich can be
attributed to the high accuracy ZUPTs that were applied when the vehicle was stopped at
a traffic light. Since the GNSS receiver does report the horizontal velocity, it iseeasy

knowwhen a ZUPT should be applied.

Table6-7: RMS of differences between Meand SPAN inopensky

Section 1 | Section 2 | Section 3 | Section 4 | Section 5

epochs: [1-186] | epochs: [B7-289 | epochs: p90-693 | epochs: p94-922 | epochs: p23-1172
Latitude (m) 3.435 1.533 1.901 1.968 2.030
Longitude (m) | 1.013 1.581 1.04 1.917 1.759
Height (m) 3.735 3.328 3.012 2.401 4.278
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Velocity N (m/s) | 0.567 0.161 0.395 0.248 0.467
Velocity E (m/s) | 0.511 0.181 0.322 0.346 0.475
Velocity U (m/s) | 0.184 0.459 0.319 0.416 0.219
Roll (deg) 6.455 3.977 3.480 3.461 3.320
Pitch (deg) 1.728 1.037 2.580 1.824 3.611
Heading (deg) | 17.569 16.813 5.909 10.832 17.622

6.5 Urban Canyon

The last dataset to assess is the one that took place in downtown Calgaspemthe
sky test delivered better than expected results but it took quite a bit of tinkering with the
scale factor errors, and it had to be run offline. This dataset isntentging to prove
much more difficult. Compared to when the loosebypled filter was run withigh-end
IMU-LN200+FLEX®6 data, the GNS$eceiver inside the MotX smartphoneshould be
able to provide more positions in this dataset due to the fact ithighasensitivity
receiver as explained in Chapter 2. However, the positions fed into the filter will be of
very low accuracyue tothe receivebeingable to only track single frequencjdswer
antenna quality, ankhck of multipath mitigation firmware tchniquedound in the high
precisionFLEX6. These lower quality positionsill greatly impact the filter. At least
with the NovAtel raw data used in the truth test in Chapter 5, there are different flags

indicating the quality of the GNSB8ata. Some exangs areINSUFFICIENT_OBS,
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NO_CONVERGENCE, SINGULARITY, INVALID_FIX, SOLN_COMPUTED, etdf

GNSS is very bad or neexistenf deadreckoning could be used using the IMIN200

raw data. The difference is that now aee using veryow- quality sensors that i

drift by a lot when an outage is encountered. The drift is going to be much worse than if
the INS carries on using the leaccuracy positions and velocities from the high
sensitivity receiver. The figure below shows tbeation of theurban canyon daset in

downtown Calgary. The datasmiveragas directed primarilywesteast

Figure6-22: Urban canyon dataset overview with Méf@sensorgGoogle, 2015)

As has been customary throughout the thesis, the dataset has been divided into
smaller sections for ease of analysis. This time, the data will be dividedomto

sections.
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Figure6-23: First section of urban canyalatase{Google, 2015)

The first section as shown above Figure 6-23 starts with a very benign
environment. The vehicle starts just north of the Bow River, travels south and merges
onto 9" Ave. SW Eastbound. Speeds topped at 55 km/hr with the only stop talkicey

at the traffic light of the intersection with "t St. SW.

oy

e b

Figure6-24: Section two of urban canyon datagebogle, 2015)
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The second section as seerfigure6-24 goes through the heart of downtown, with
large buildings all around a three block loop. The southernmost part of this section is a
bit farther away from the tall buildings but towards the end of the section, as the vehicle
heads north, it goethrougha caiple of underpasses. Speed was limited at a maximum
of 50 km/hr and there were a few stops due to traffic lights. The following plgis;e
6-25 and Figure 6-26, show the three btk loop where most of the higises are
encountered. The SPAN solution has been overlaid in green whereas theX Moto
looselycoupled solution is shown in res before,the red Xs are the areas in which
the SPAN solution did not have a GNSS update but rather used the IMU for dead
reckoning. The area is shown from a couple of perspectives to better identify the areas

where position separation was the largest.

Figure6-25: Section two looking wegtGoogle, 2015)
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Figure6-27: Section three of urban canyon datg&aogle, 2015)

The third section shown above Figure 6-27, starts with the vehicle heading
northwards on 4 St. SW before turning right ori"8\ve. SW on its way back eastwards
on 9" Ave. SW. The vehicle goes througin area withquite few large structures on

both northern and southern ends BfAve. SW (including the Calgary Tower) before
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heading northwards. The start of this section, showRigure 6-28 and Figure 6-29
below visualize the effect of the high multipath environment on tbsitipn

determinations

«

Figure6-28: Start of section three looking southe@sbogle, 2015)

Figure6-29: Plan view of start of section thré@oogle, 2015)
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