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Abstract

Today’s heavy duty vehicles are equipped with safety and comfort systems, e.g.
ABS and ESP, which totally or partly take over the vehicle in certain risk situ-
ations. When these systems become more and more autonomous more robust
positioning is needed. In the right conditions the GPS system provides precise
and robust positioning. However, in harsh environments, e.g. dense urban areas
and in dense forests, the GPS signals may be affected by multipaths, which means
that the signals are reflected on their way from the satellites to the receiver. This
can cause large errors in the positioning and thus can give rise to devastating
effects for autonomous systems.

This thesis evaluate different methods to enhance a low cost GPS in harsh envi-
ronments, with focus on mitigating multipaths. Mainly there are four different
methods: Regular Unscented Kalman filter, probabilistic multipath mitigation,
Unscented Kalman filter with vehicle sensor input and probabilistic multipath
mitigation with vehicle sensor input. The algorithms will be tested and validated
on real data from both dense forest areas and dense urban areas. The results
show that the positioning is enhanced, in particular when integrating the vehicle
sensors, compared to a low cost GPS.
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1
Introduction

Today’s heavy duty vehicles are equipped with multiple safety and comfort sys-
tems, such as Anti-lock Braking system (ABS) and Electronic Stability Program
(ESP), which totally or partly take over the vehicles in certain risk situations. It is
when these help systems become more and more autonomous robust positioning
of the vehicle is needed. It is convenient to use the Global Positioning System
(GPS) in this thesis, since most of today’s Scania trucks are equipped with GPS
receivers. [1]

1.1 Problem definition

Most of the GPS receivers provide a desired absolute position during good weather
conditions in an open field. However, not all GPS receivers handle harsh environ-
ments, e.g. dense urban areas, mining areas and dense forests. The major error
in those areas is when the signals from the satellites are reflected against objects
in vicinity of the receiver. These reflections are called multipaths, since they do
not travel via the direct path from the satellites to the receiver. The distance mea-
surements from the satellites to the receiver are therefore disturbed, which give
rise to large positioning errors and thus also devastating effects for autonomous
vehicles. A more exhaustive description of multipath is given in Chapter 2.

1.2 Purpose and objective

It is often the case that low cost receivers provide a less accurate positioning in
harsh environments, compared to a more expensive high precision receiver. How-
ever, these high precision receivers are too expensive (tens of thousands euros) for

1



2 1 Introduction

use in production. It is therefore of Scanias interest to investigate how robust a
relative cheap single frequency GPS-receiver (tens of euros) can become in harsh
environments. Therefore, the goal of this master thesis is to investigate whether
it is possible or not, to enhance the positioning with a low cost receiver with focus
on multipath mitigation.

1.3 Method

The method used in this thesis to the multipath mitigation is to investigate previ-
ous approaches. After consultation with Scania, some of these approaches and a
combination of them are evaluated offline in Matlab (see Chapter 3). In order to
get realistic data to the algorithms, a truck equipped with a low cost receiver, a
high precision receiver and vehicle sensors, is used to collect data in harsh envi-
ronments (see Chapter 4). The results are presented in this report (see Chapter
4) and eventually some conclusions are drawn (see Chapter 5).

1.4 Limitations

There are other Global Navigation Satellite System (GNSS) than GPS. The most
common, and the one used by Scania, is however GPS. Thus, GPS is the only
GNSS used in this thesis. The focus is primarily to mitigate the multipath in
harsh environments. Possibly, the total positioning will not be as accurate as
the positioning from the low cost receiver, since we use raw data and more or
less code a new GPS platform. It is unreasonable to think that the overall result
should be just as accurate for this platform as for the regular GPS, given all the
development hours behind the regular GPS receiver. Once again, the focus will
be to mitigate the multipath phenomena.



2
Theory

This chapter aims to explain the most basic principles of the thesis and the sys-
tems behind it. Section 2.1 gives an overview of Global Navigation Satellite Sys-
tems, in particular GPS. Since the basis for the used methods is an Unscented
Kalman Filter (UKF) a description of this Bayesian filter is given in Section 2.2.

2.1 Global Navigation Satellite System

There are several Global Navigation Satellite Systems (GNSS) today. The oldest
and most common is the Global Positioning System (GPS), which is distributed
by the US. There are other GNSS, which work in a similar way as GPS and are dis-
tributed by other countries. In Table 2.1 some of these GNSS are listed together
with the distributors.

Most of the systems are open for other users than the distributors. In time of
writing, neither GALELIO or Compass is fully operational. In this thesis only
GPS will be considered (even though almost everything is applicable to the above
listed GNSSs). The following sections provide a brief summary of the GPS sys-

System Distributor

GPS USA
GLONASS Russia
Galelio Europe
Compass China

Table 2.1: The four largest GNSS and their distributor.

3



4 2 Theory

tem.

2.1.1 History of GPS

In the beginning of the 1960s the US government wanted a system that was able
to do a three dimensional positioning. The specifications were that the system
should have global coverage, be weather independent and have high accuracy.
In addition it should work for a high-dynamic platform (systems with a lot of dy-
namics, e.g. aviation). The system developed was called Transit. In the beginning
the system worked good enough only for low-dynamic platforms (systems with
low dynamics, e.g. marine applications), so further enhancements were done.
One of the projects working with this was called NAVSTAR GPS and in 1995 the
system was fully developed. The system today is commonly referred to GPS and
is still being developed on many areas, [2].

2.1.2 GPS System segments

The GPS system consists of three segments. The most obvious ones are the Space
segment (Satellites) and the User segment (Receivers). But in order to monitor
and operate the satellites there is a Control segment. The whole system is illus-
trated in Figure 2.1. In this thesis the only segments to be considered are the user
and the space segment. These two segments are therefore further described in
the next two subsections.

Space segment

Control segment

User segment

Figure 2.1: The GPS system consists of three segment: User segment (re-
ceivers), Space segment (satellites) and Control segment (control stations).

User segment

The user segment consists of the GPS-receivers. A receiver often contains a re-
ceiver chip and an antenna, but can also be placed inside of other applications
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Channel name Frequency [MHz]

L1 1572.42
L2 1227.60

Table 2.2: Table of the frequencies of the GPS signals.

such as phones. The GPS system has millions of users today, both civilian and
military. Today there are a lot of producers of GPS receivers. Furthermore, these
have different price classes and qualities of the receivers. The goal of this thesis
is to investigate if it is possible to enhance a low cost receiver in harsh environ-
ments. The question is however what the difference between a low cost receiver
and more expensive one is. To start with, an expensive receiver can include other
sensors, e.g. accelerometers and gyroscopes. The more expensive the better sen-
sors. Some of the receivers use other types of antenna constellations, e.g. choke
ring antenna and/or multiple antenna setup. Most of the expensive receivers use
dual frequency which means that they can use more data from the satellites and
therefore provide more precise and robust positioning. Scanias interest is how-
ever to use a low cost receiver in the trucks in order to keep the production cost
low.

Space segment

Today, the space segment of the GPS system consists of 32 active satellites and
more satellites are planned to be launched the coming years. But to be fully
operational, the system only needs 24 satellites. These 24 satellites are orbiting
the Earth in such a way that at least 4 satellites always are visible everywhere
on Earth. This is achieved by letting the orbits be inclined by 55◦ relative to the
equator and each satellite is separated from each other by multiples of 60◦. The
nominal radius of the orbits, which is the distance from center of the Earth to the
satellites, is approximately 26 600 km. Each satellite completes almost two orbits
each day (11 hours 58 minutes per orbit) [3].

2.1.3 Basic principles

GPS is a passive system, which means that it is an one-way communication sys-
tem. It is only the satellites communicating with the receiver and not vice versa.
The transmitted signals from the satellites are driven by an atomic clock. There
are two types of frequencies of the signals, see Table 2.2. Onto these carrier fre-
quencies codes are encoded. There are three kind of codes: C/A code, P code and
the Navigation message.

The C/A code can be found on the L1 channel. It appears to be random, but is
actually generated by a known algorithm. The C/A code is transmitted at 1.023
Mbps. The C/A code contains information about when the signal was transmit-
ted and has a resolution of 1 ms. Each satellite has its own C/A code and can
therefore be uniquely identified.
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The P code is sent both on L1 and L2 channel and repeats every 276:th day and
has ten times faster transmission, 10.23 Mbps, which leads to better resolution.

The Navigation message is only sent on L1 and is transmitted at a very slow rate,
only 50 bps. It contains 1500 bits and thus it takes 30 seconds to transmit. The
message contains all kind of necessary information, e.g. satellite orbital parame-
ters (ephemeris data), satellite clock corrections, almanac data, ionosphere infor-
mation and health of satellites.

The principle of GPS is trilateration, not to be confused with triangulation which
also uses angles as measurements. Trilateration only handles length/distance
measurements. Given the distance measurements from the satellites, it is possi-
ble to trilaterate and calculate the position. The trilateration is further described
in Section 2.1.5. The question is however how to measure the distances.

The basic principle of measuring the distances between satellites and receivers is
to measure the propagation time of the signals. As mentioned before, each satel-
lite has its own atomic clock and therefore it is possible for each satellite to broad-
cast when the signal was transmitted. When the signal reaches the receiver, the
receiver calculates the propagation time by taking the differences between time
of reception and time of transmission. The distance is then calculated by multi-
plying the propagation time with the speed of light, c. However, the problem is
that these distances are not the true geometrical distances, since the signals most
probably have been delayed during the way from the satellites to the receiver.
Therefore, these calculated distances are called pseudoranges. The pseudorange
measurement is defined in (2.1)-(2.3).

ρi = ri + ∆t · c (2.1)

where

ri =
√

(xis − xu)2 + (y is − yu)2 + (zis − zu)2 (2.2)

∆t = dtiono + dttropo + dtmultipath + dtsat + dtrs (2.3)

c = 2.99792458 · 108m/s

ri is the geometrical distance between the receiver and the satellite i. The position
of the i:th satellite is defined as [xis, y

i
s , z

i
s], while the position of the receiver is

[xu , yu , zu]. These coordinates are in Earth-Center Earth-Fix (ECEF) coordinate
system, which is described in more detailed in Section 2.1.4. The signals are
delayed on the way from the satellites to the receiver due to various reasons. All
these delays are summed up to ∆t in (2.1). These time delays multiplied with the
speed of light define the extra distances that the signals have to travel. In (2.3) the
largest errors are written out and it is possible to estimate most of these delays.
How to make corrections for these delays are described in the coming sections. It
is worth noticing that only 1µs delay results in 300 m error in the pseudorange
measurement. The different delays and the typical magnitude of the errors are
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Notation Name Magnitude

dtiono Ionospherical delay <10 m
dttropo Tropospherical delay <10 m
dtmultipath Multipath <150 m
dtsat Asynchronous satellite clocks 3 · 105 m
dtrs Offset between satellite and receiver clocks 3 · 105 m

Table 2.3: Magnitudes of the different error sources. The errors vary de-
pending on the conditions, e.g. weather conditions and environments. The
magnitudes presented above are typical magnitudes, which also are experi-
enced in this thesis. [2]

listed in Table 2.3.

Given that it is possible to estimate and correct for all delays, (2.1) only contains
three unknowns, i.e. [xu , yu , zu]. Therefore, it should only require three satellites
to determine the position of the receiver, since there are only three unknowns.
However, in Section 2.1.5, it will shown that it actually takes four satellites. There
are different methods how to solve the positioning problem, e.g. Kalman filter
and least square solution (see Section 2.2).

2.1.4 Coordinate systems

In order to determine the position it is important to work in an appropriate coor-
dinate system. Before starting to define coordinate systems, a model of the Earth
is needed. The standard physical model of the Earth used in GPS applications is
the World Geodetic System 1984 (WGS84). There are three main coordinate sys-
tems used in this thesis: Earth-Center Earth-Fixed (ECEF), Geodetic coordinate
system (Latitude, Longitude and Altitude) and Universal Transverse Mercator
coordinate system (UTM).

ECEF

Earth-Center Earth-Fixed is probably the most common coordinate system in
GPS calculations. The reason is that with the origin in the center of Earth a static
position on the surface is constant over time, since the coordinate system rotates
with the Earth. In ECEF coordinate system the x-axis points in the direction of 0◦

longitude and the y-axis points in 90◦ longitude. That means that the xy-plane
coincides with the equatorial plane of the Earth and to create a right hand system
the z-axis points in the direction of the North pole, see Figure 2.2.

The main drawback of ECEF coordinate system is that it is not intuitive when it
comes to motion on the surface of Earth. The coordinates are measured in meters.
One meter movement on the surface of Earth, is quite complicated to imagine in
ECEF coordinates. This calls for more intuitive coordinate systems.
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Y

Z

X Equator

Prime Meridian

Figure 2.2: Earth Center Earth Fix coordinate system. The Cartesian axes
are fixed in the Earth. The x-axis points in 0◦ longitude. The y-axis points in
90◦ longitude. In order to create a right hand system, the z-axis is pointing
in the direction of the North pole.

Geodetic coordinate system

Speaking of positioning on surface of the Earth the most common coordinate
system is the Geodetic coordinate system (GCS), usually called Lat/Long-system.
The coordinate system inherits from the spherical coordinate system. The major
difference is however GCS system measures the height over the surface instead of
the distance to the center of the Earth. The latitude and longitude are measured
in degrees and the altitude is measured in meters. The line from the North pole
to the South pole via Greenwich in England defines 0◦ longitude and is called
the Prime meridian. From there, the positions are measured in degrees, ±180◦

East/West of the Prime meridian. The equator defines the 0◦ latitude and the
positions are measured ±90◦ North/South from the equator. The major draw-
back of the GCS is, as for the ECEF coordinate system, the non intuitive motion
description. Thus, a further coordinate system is necessary.

UTM

It can sometimes be more convenient to work with a Cartesian coordinate system.
Therefore UTM is a nice coordinate system. In the UTM coordinate system the
surface of the Earth is divided into 60 zones, starting with zone 1 at 180◦ (in
GCS) and proceeding eastward. This means that each zone is 6◦ wide. The center
line of each zone is called the central meridian. Further on, each of these zones
is divided in horizontal band of 8◦, labeled with letters from C in south to X
in north. The zones in the UTM-coordinate system are illustrated in Figure 2.3.
The coordinates are measured in East and North in meters from central meridian
respectively the equator. To avoid negative coordinates a transformation of the
coordinate system is done [4].
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Figure 2.3: This figure illustrates how the world is divided into zones in the
UTM coordinate system, picture from [4].

2.1.5 Determining user position

As mentioned before, the principle of positioning with GPS is by using trilatera-
tion. By measuring the distances between the user and the satellites it is possible
to trilaterate in order to get the position of the receiver. The distance measure-
ment from a satellite creates a sphere of possible positions around the satellite.
Assume that measurements from two different satellites are available. This leads
to two spheres, each centered around the respective satellite’s position. The in-
tersection between these two spheres is the set of all possible positions. By using
a third satellite and its measurement, three spheres are available, and the inter-
section between them creates at least two points. By knowing that the receiver
is situated on the surface of the Earth it is possible to exclude one of the points,
see Figure 2.4. It is therefore possible to calculate the position of the receiver by
only three measurements, under the assumption that it is possible to measure
the geometrical distances between the receiver and the satellites correctly. These
distance measurements are the previously defined pseudoranges. As mentioned
before, these pseudorange measurements suffer from delays and to be able to es-
timate the offset between the satellite’s clocks and the receiver’s clock a fourth
unknown variable has to be introduced. This is the reason to why four satellites
are needed in order to provide 3D position from the GPS receiver.

2.1.6 Determining user velocity

The most straightforward approach of determining the user velocity is to use a
numerical approximation of the derivative of the position. This approach can
give satisfactory result as long as the velocity is constant over time.

A better approach is to use the Doppler shift signals from the satellites. By study-
ing the frequency shift of the signals, Doppler shifts, it is possible to calculate
the velocity of the receiver. So given the velocities of the satellites, which can
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a b

BA

(a) (b)

c
ab

P

C

Figure 2.4: Trilateration in three dimensions. The intersection of the first
two spheres to the left creates a circle of possible positions of the receiver.
Adding one sphere results in two points, whereof only one is likely for re-
ceivers on the surface of the Earth.

be calculated from the ephemeris data, it is possible to calculate the velocity of
the receiver. In this thesis the Doppler shift is not used and therefore no further
details will be described.

2.1.7 Determining satellite position

Since all satellites travel in precalculated orbits around the Earth, it would be
possible to use the pre-calculated positions. But due to disturbance, such as sun
storm and changes in the gravity field, it is necessary to make corrections. In the
transmitted Navigational message there is data containing information of these
corrections, called ephemeris data.

The ephemeris data contains six integrals of two body motion, but also time of
their applicability and how these parameters change over time. Using these pa-
rameters the receiver can calculate the GPS satellites "corrected" integrals of mo-
tion. All the parameters are specified in Table 2.4.

As soon as the data for every satellite is available the algorithm described in Al-
gorithm 1 is used to calculate the ECEF-coordinates of the satellites.

It is necessary to use both sinus and cosinus in (2.9)-(2.10) in Algorithm 1 so that
the argument ends up in the right quadrant (alternative use a smart arctan).

In order to calculate the eccentric anomaly, Ek , (2.7)-(2.8) in Algorithm 1 must be
solved iteratively.

Physical constants used to calculate the ECEF-coordinates of the satellites are
presented in Table 2.5.

2.1.8 Time in GPS system

One very important detail in the GPS system is to have the right time. The re-
ceiver often outputs the time in UNIX time, which is measured in elapsed sec-
onds since midnight the 1st January 1970 in Coordinated Universal Time (UTC).
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Constant Meaning

t0e Reference time of ephemeris√
a Square root of semimajor axis

e Eccentricity
i0 Inclination angle (at time t0e)
Ω0 Longitude of the ascending node (at weekly epoch)
ω Argument of perigee (at time t0e)
M0 Mean anomaly (at time t0e)
di/dt Rate of change of inclination angle
Ω̇ Rate of change of Ω
∆n Mean motion correction
Cuc Amplitude of cosine argument of latitude
Cus Amplitude of sine argument of latitude
Crc Amplitude of cosine correction to orbital radius
Crs Amplitude of sine correction to orbital radius
Cic Amplitude of cosine correction to inclination angle
Cis Amplitude of sine correction to inclination angle

Table 2.4: Definition of the GPS ephemeris data

Notation Value Meaning

Ω̇e 7.2921151467 · 10−5 rad/s Rotation rate of the Earth
µ 398600.5 · 108 m3/s2 Universal gravitation constant

Table 2.5: Physical parameters used in algorithm of determining the position
of the satellites.
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Algorithm 1 Calculate satellite positions

a = (
√
a)2 (2.4)

n =

√
µ

a3 + ∆n (2.5)

tk = t − t0e (2.6)

Mk = M0 + n(tk) (2.7)

Mk = Ek − e sin Ek (2.8)

sin vk =

√
1 − e2 sin Ek
1 − e cos Ek

(2.9)

cos vk =
cos Ek − e

1 − e cos Ek
(2.10)

φk = vk + ω (2.11)

∂φk = Cus sin (2φk) + Cuc cos (2φk) (2.12)

∂rk = Crs sin (2φk) + Crc cos (2φk) (2.13)

∂ik = Cis sin (2φk) + Cic cos (2φk) (2.14)

uk = φk + ∂φk (2.15)

rk = a(1 − e cos Ek) + ∂rk (2.16)

ik = i0 +
di
dt
tk + ∂ik (2.17)

Ωk = Ω0 + (Ω̇− Ω̇e)tk − Ω̇et0e (2.18)

xp = rk cos uk (2.19)

yp = rk sin uk (2.20)

xs = xp cosΩk − yp cos ik sinΩk (2.21)

ys = xp sinΩk + yp cos ik cosΩk (2.22)

zs = yp sin ik (2.23)
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The problem is that many of the algorithms in GPS software assume the time to
be in GPS time, which is elapsed seconds since 6th January 1980. The first cor-
rection to be done is the offset between 1th January 1970 to 6th January 1980. In
addition UNIX time is affected by something called leap seconds, which is correc-
tion of the time. GPS time is however not affected by this leap seconds, which
implies that GPS-time is at the time of writing 16 seconds ahead UTC time. The
formula describing this is defined in (2.24).

tGP S = tUTC − 315964800 + 16 (2.24)

In some applications the GPS time is also divided into GPS week and seconds in
the week. The seconds in the week are measured as seconds from 00.00 Saturday
night to Sunday and GPS week is simply measured as the amount of weeks from
6:th January 1980.

Issues with GPS time

Since the satellites orbit so far up in space the gravitation is much lower up there
than on the surface of Earth. According to Einstein’s general relativity theory
time moves faster if the gravity is low relative if the gravity would have been
high. This means that the satellite clock runs faster than the receiver clock and
therefore correction has to been done. Furthermore, according to Einsteins spe-
cial relativity theory time goes slower if the clock is traveling in higher speed,
which results in that a satellite clock runs slower than the receiver clock. This re-
sults in corrections due to the relativity theory. Before the satellites are launched
the satellites’ clocks are adjusted to 10.22999999543 MHz, which results in the
observed frequency of 10.23 MHz at sea level. Therefore the user do not have to
compensate for this. The problem arise when the satellites pass in different posi-
tions relative the Earth. When the satellite is close to Earth the satellite velocity
is higher and gravitational potential is lower (both cause the satellite clock to run
more slowly). On the other hand, when the satellite passes far from the Earth
the velocity is lower and gravitational potential is higher (both cause the satellite
clock to run more faster). This can be compensated for by (2.25).

∆tr = Fe
√
aEk (2.25)

where

F = −4.442807633 · 10−10s/m1/2

e = satellite orbital eccentricity

a = semimajor axis of the satellite orbit

Ek = eccentric anomaly of the satellite orbit

The satellite position can be calculated at both received and transmitted time
instant. Since Earth is rotating a relativistic error is introduced, known as the
Sagnac effect. The Sagnac effect is often referred to as Earth rotation corrections
and is illustrated in Figure 2.5. It is important for a precise positioning solution
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to do corrections for the Sagnac effect.

Receiver at time of transmission

Earth´s rotation

Receiver at time of reception

Re

Satellite at time of transmission

+

Figure 2.5: Illustration of the Sagnac effect. The satellite transmits the signal
at one time instant and during the propagation time the Earth rotates and
therefore an error is introduced. This can give rise to positioning errors with
magnitude of 30 meters.

2.1.9 Error corrections

There are other errors, which the GPS receiver straightforward can easily correct,
e.g. tropospherical and ionospherical error. This section handles these different
error corrections.

Satellite clock corrections

The timing of transmission from each satellite is handled by each satellite vehi-
cle individually. Each satellite has its own atomic clock and no corrections are
done by the satellite. Although these atomic clocks are very accurate corrections
are necessary. In the ephemeris data there are three parameters for this satellite
clock offset and with these it is possible to estimate the offset. According to [2]
this time offset can be up to 1 ms. Once again, remember that 1 ms delay causes
a devastating error (300 km) in the pseudoranges. The error is estimated by a
second-order polynomial and therefore small errors are still left after the correc-
tions. The magnitude of this error is however only 0.3-4 m, [2].

Error correction for troposphere error

There are several models to estimate the tropospheric time delay. The model
used for calculating the tropospheric error in this thesis is called Saastamoinen
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Notation Value

Pr 1013.25 mbar
Hr 50.0
Tr 291.15 K

Table 2.6: Physical parameters used in algorithm of tropospheric delay

model. Except for meteorological data, such as temperature and air pressure, the
model needs altitude of the user position (h) and elevation angle of the satellite
(λel). The algorithm is described by (2.26)-(2.30). The algorithm is provided from
goGPS-toolbox, [5], and is presented to give an insight into the dependencies.
The physical parameters used in the algorithm are presented in Table 2.6. The
tropospheric delay can vary from a couple of meters up to 25 meters, depending
on the elevation angle of the satellites [2]. The risk of tropospheric delay is greater
for low elevation satellites. With a dual-frequency receiver (or with base station
augmented system) corrections of the tropospheric delay can be done by using
differentiation.

dttropo =
2.277 · 10−3

sin(λel)
(P − (

B

tan2(λel)
) + (

1255
T

+ 0.05)e0) (2.26)

where

H = Hre
−0.0006396h (2.27)

T = Tr − 0.0065h (2.28)

e0 = 0.01He−37.2465+0.213166T−0.000256908T 2
(2.29)

P = Pr (1 − 0.0000226h)5.225 (2.30)

Error correction for ionospherical error

The ionospheric delay strongly depends on elevation angle to the satellites and
whether it is night or day. Overall, the delay may cause up to 45 meters in the
day, but during the night the delays are shorter. Typically, this delay causes an
error of about 7 meters, [2]. With a dual-frequency receiver (or with base station
augmented system) corrections of the ionospheric error can be done by using
differentiation.

In order to calculate the ionospheric error some parameters are needed. These
may not always be available, but in this thesis the ionospheric parameters were
output from the receiver and therefore corrections could be done. The algorithm,
Klobuchar algorithm [6], that handles the ionospheric error corrections is im-
ported from goGPS toolbox, [5].
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Multipath

Multipath phenomena can give rise to ranging errors which can give devastat-
ing effects in autonomous systems. The magnitude of the error differs a lot in
different references, 10 meters in [7] while in [8] contends and shows that the
error can be up to 100 meters. In [9] the authors claim that multipath typically
increase the pseudorange measurements by up to 150 meters and therefore affect
the positioning solution.

The multipath phenomena can occur due to many reasons, but in all cases it de-
pends on the nature of the radiosignal and the environments. As described in
Section 2.1.3 the GPS signal is transmitted on channel L1 and L2. This results
in an imminent risk of reflection, diffraction and so on. The most common mul-
tipath occurs when the satellites and the receiver are not in line-of-sight (LOS),
e.g. when the receiver is located behind a big rock, buildings or a tree. Since
the signal does not reach the receiver directly, the receiver may interpret the re-
flected signal, see Figure 2.6, as the true one. This results in larger pseudorange
measurements and thus cause positioning errors. Reflections against obstacle is
only one of many ways how multipath can occur. Multipath can occur when the
antenna is badly mounted, with respect to the ground, which leads to imminent
risk of reflections of the signal against the ground. The geometrical condition in
vicinity of the antenna is an important factor.

Direct Path (LOS)

Ground Multipath

Multiple Re!ections

Figure 2.6: Typical cases of multipaths. The definition of multipath is that
instead of reaching the antenna via the direct path the signals find one or
several ways to the antenna. Mainly there are two types of multipath. Sin-
gle multipath, i.e one reflection against a house/tree/rock/ground. Multiple
multipath is when the signals are reflected against the surroundings multi-
ple times. These signals are really hard, if even possible, to estimate.

The power of the reflected signal strongly depends on the electromagnetic prop-
erties of the reflecting area. The reflected signal is often weaker than the LOS.
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Name Meaning

x State vector
x̂ Estimated states
nx Number of states
nz Number of available satellites
z Measurements
f State transition equation
h Measurement equation
Q Process noise
R Measurement noise

Table 2.7: Definition of common parameters.

One possible approach is to analyze the the power of the signals and through
that discard the reflected signal. The problem is when the LOS-component does
not reach the receiver and thus no comparison can be done.

2.2 Bayesian filtering

There are mainly two ways to estimate position in the GPS system. The first
and most straightforward way is a least square solution, which is not further
discussed in this thesis since it is not used. This because of the lack of possibility
to fusion the pseudorange and vehicle sensors and that Bayesian filters, which is
the second way, are superior the least square method in handling disturbances.

There are many types of Bayesian filters, e.g. Kalman filter, Extended Kalman
Filter, Unscented Kalman Filter and Particle filter. In this master thesis, an Un-
scented Kalman Filter (UKF) is used to estimate the position of the receiver. The
choice of UKF was inspired by [9]. Compared to EKF the UKF is better to handle
non-linearities and there is no need of linearization. Moreover, the UKF is sim-
pler than the Particle filter. These reasons justify the choice of the UKF in this
thesis.

The notations used in the following sections are presented in Table 2.7. In Sec-
tion 2.2.1 the algorithm is described. The UKF uses a deterministic sampling
technique called Unscented Transform (UT), which is described in Section 2.2.2.

2.2.1 The UKF algorithm

The algorithm consists of a measurement update and a state update, see Algo-
rithm 2. The algorithm needs to be initilized with x̂1|0 and P1|0. The measure-
ment noise Rk is a nz × nz diagonal matrix containing the variances, σ2

ρ , of the nz
available pseudorange measurements. The process noise matrix, Qk , is defined
by the variances, σ2, of the process noise, bk [10].
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Algorithm 2 Algorithm UKF, [10]
1. Measurement update

x̄ =
(
xk
ek

)
∼ N

 (x̂k|k−1
0

)
,

(
Pk|k−1 0

0 Rk

)  (2.31)

y =
(
xk
zk

)
=

(
xk

h(xk , uk , ek)

)
(2.32)

The UT then outputs the distribution described in (2.33)

y ∼ N
 (xk|k−1
zk|k−1

)
,

(
P xxk|k−1 P xzk|k−1
P zxk|k−1 P zzk|k−1

)  (2.33)

With this result it is possible to calculate the measurement update

Kk = P xzk|k−1(P zzk|k−1)−1 (2.34)

xk|k = xk|k−1 + Kk(zk − zk|k−1) (2.35)

P xxk|k = P xxk|k−1 − KkP
zz
k|k−1K

T
k (2.36)

2. Time update

x̄ =
(
xk
bk

)
∼ N

 (x̂k|k0

)
,

(
Pk|k 0
0 Qk

)  (2.37)

y = xk+1 = f (xk , uk , bk) (2.38)

The UT provides then the distribution described in (2.39)

y ∼ N
(
xk+1|k , Pk+1|k

)
(2.39)
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2.2.2 Unscented transform

This section aims to describe the UT. The UT is used to calculate the means and
the covariances to the measurement and time updates, see (2.33) and (2.39). The
following equations describes how these means and covariances are calculated.

The first step is to define the variables εi and γi from the singular value decom-
position (SVD) of the covariance matrix P, see (2.31) in measurement update and
(2.37) in time update. The SVD is described in (2.40).

P = EΓ ET =
nx∑
i=1

γi
2εiεi

T (2.40)

where εi = E:,i is the i:th column of E and γi2 = Γi,i is the i:th diagonal element of
Γ .

After the SVD it is possible to calculate the weights, w, and the sigma points, xσ .
These calculations are described in (2.41)-(2.44). With the weights and the sigma
points it will later be possible to calculate the mean and the covariance of the
distribution, which is needed in the UKF algorithm. The number of sigma points
depends on the number of states, nx. The design parameters [α, β, λUT ] can be
chosen in different ways, see [10].

x
(0)
σ = µx (2.41)

x
(±i)
σ = µx + εiγi

√
nx + λUT (2.42)

w(0) =
λUT

nx + λUT
(2.43)

w(±i) =
λUT

2(nx + λUT )
(2.44)

(2.45)

where

i = 1 . . . nx

Let y = g(x(i)
σ ) and calculate the mean and the covariance matrix as described in

(2.46)-(2.47). The function g is different depending on if it is measurement or
time update, see (2.32) and (2.38). The mean and the covariance represent the
normal distribution that is needed in the UKF algorithm.

µy =
nx∑

i=−nx

w(i)xiσ (2.46)
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Py =
nx∑

i=−nx

w(i)(y(i) − µy)(y(i) − µy)T (2.47)

+ (1 − α2 + β)(y(0) − µy)(y(0) − µy)T



3
Methods to enhance the positioning

In this chapter previous approaches are described in Section 3.1. In Section 3.2
an overview of the system is described. The following three sections, Section 3.3,
Section 3.4 and Section 3.5, deal with the approaches used in this master thesis.

3.1 Previous approaches

There are many different approaches for mitigating multipath phenomena. The
first approach to detect risk for inexact positioning of the GPS receiver was Re-
ceiver Autonomous Integrity Monitoring (RAIM), an algorithm that made the
navigation system more robust. RAIM is an algorithm developed for safety criti-
cal GPS applications. If there is redundancy, the receiver compares the position
with all the pseudoranges, so that none of the pseudoranges differs significantly
from the expected value. But the drawbacks are that it could only handle one
satellite measurement failure and it only works as a warning system. [7] de-
scribes three different types of RAIM and over time, the RAIM algorithms have
been developed and there are algorithms that handle multiple satellite failure, i.e
NIORAIM and Bayesian RAIM, according to [9].

One interesting approach would be to estimate the multipath signals. The prob-
lem is however that multipath is very hard (almost impossible) to predict since it
changes rapidly over time, [9]. As mentioned in the previous chapter multipath
depends on many things. In a world where all the objects in vicinity of the re-
ceiver are "smooth cubes" and where the reflection indexes were known for the
material of the cubes, the estimation of the multipath would be a possible ap-
proach. Maybe in urban areas it is possible to estimate the multipath signal, but
when it comes to forests it is almost impossible to estimate it, due to the random

21
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reflections. [11] actually partly succeed with estimation of multipath, but they do
also mention that they only partly succeed because of some missed multipath.

One approach, proposed in [12], uses an IR-camera to eliminate the invisible
satellites and thereby only get signals from LOS-satellites. The algorithm does
not take into account that multipath can occur from visible satellites as well and
the main drawback of the algorithm is the need of an additional sensor. Since it is
of Scania interest to investigate the possibilities of using already existing sensors
this algorithm is not relevant for Scania.

A commonly used approach, for instance proposed by [13], is to use map match-
ing, which means that given a map and the estimated position from the receiver
match the position with the map. This approach requires two main things. To
begin with it is necessary to have a good map, which is recently updated and
have high resolution. Moreover, the algorithm assumes that the vehicle is in ar-
eas where there are roads. Scania has an interest of investigating the GPS receiver
in harsh environments, which means that it is not always the case that there are
roads, e.g. in mining areas. Further on, the map matching approach does not
give an enough accurate position, since the uncertainty of where on the road the
vehicle is still exist.

[14] propose an approach of integrating GPS, IMU and base stations at a con-
struction site. The authors manage to enhance the positioning with this approach.
However, the drawback is that this approach is restricted to smaller and enclosed
areas. In mining areas, which often are small and enclosed, this would be an ap-
propriate approach, even though it requires additional hardware as base stations.
But in case of traditional transport system this is not an appropriate approach.

The probably most widely used method to enhance the GPS system is to make use
of other sensors such as accelerometers, gyroscopes and odometry. By fusing the
sensors with the GPS, the system gets much more robust, especially when during
outage of GPS. The GPS works good in the long term but is not that good in short
term. By taking advantage of the sensors, which is good in the short term but
having problem with drift in the long term, the GPS/sensor-system can perform
much better than GPS stand alone. The fusion can be done in many different ways
and differs in for instance sensor types, filter type and coupling technique. Some
of the authors cited above uses this approach together with other approaches.

Maybe the most interesting approach, presented by [15], is to use visual odome-
try. A stereo camera in the truck, would make it possible to implement such an
approach in the future. One of the drawbacks of the approach would be that it
requires a lot of image processing. On the other hand, the visual odometry is free
from slip and wheel radius estimation errors, which traditional odometry suffers
from.

Another approach is to use special antenna constellations, such as special and/or
additional antennas. [16] suggest a solution with a special antenna, choke-ring
antenna, in order to mitigate the multipath. An example of a choke ring antenna
is shown in Figure 3.1. [17] propose a multiantenna solution. One example of
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antenna-approach is the high precision GPS-receiver Oxford RT3040, used as
ground truth (GT) in this thesis. In [18], the technical data sheet for the high
precision GPS-receiver the producers states that they are using a special antenna
(integral ground plane antenna) for mitigating the multipath phenomena. They
also use both differential GPS with OmniStar and integration with an IMU, which
also mitigate multipath and enhance the positioning overall.

Figure 3.1: An example of a choke ring antenna for GNSS-receiver used for
mitigating the multipath phenomena. Green arrows are wanted GPS signals
and red dashed arrows are the unwanted signals.

3.2 System overview

The system, which is illustrated in Figure 3.2 consists of four main blocks. The
cornerstone in the thesis is an Unscented Kalman Filter (UKF). So the first ap-
proach is to investigate whether a regular UKF enhances the positioning or not.
This UKF is further extended to the Probabilistic Multipath Mitigation (PMM),
which is presented by [9]. The PMM is further described in Section 3.3. Further
on, the regular UKF is integrated with a fusion approach, where the algorithm
takes advantages of the vehicle sensors. This approach abbreviates hereinafter
Tight Coupling (TC), because of the tight integration of vehicle sensors and GPS,
and is further described in Section 3.4. Finally this fusion approach is integrated
with the PMM to investigate the performance of PMM together with vehicle sen-
sors. A further description of the integration of PMM and TC can be found in
Section 3.5.
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µBlox

Vehicle
sensors

UKF with
hypotheses

Regular
UKF

UKF - TC

Plot and
comparison

Integrations
of PMM
and TC

Oxford
RT3040

Raw GPS data

Sensor data

Lat/Long/Alt

Lat/Long/Alt

Figure 3.2: Block diagram of system. The idea is to compare four differ-
ent approaches, which is used to enhance the positioning. The cornerstone
in the system is a regular Unscented Kalman Filter (UKF). This UKF is fur-
ther developed to three other approaches: Probabilistic Multipath Mitigation
(PMM), tight coupling with vehicle sensors (TC) and integration of these
two. These algorithms are then compared with each other, with a ground
truth (Oxford RT3040) and with the output from a low cost receiver (µBlox
EVK-5T)

3.2.1 Basic prefiltering of the signal

Before processing the signals from the satellites some filtering must be done. This
is important since some satellites might not be reliable. In this thesis three differ-
ent pre-filters are applied.

The first filtering is maybe the simplest one. Here satellites with no ephemeris
data available are excluded. Instead of excluding them it would be possible to use
almanac data or get ephemeris data from servers. Therefore it is quite uncommon
that any satellites are excluded in this step.

The second one is an elevation mask, which means that all satellites that are be-
low 15◦ in elevation, which means they are too close to the horizon, are excluded.
The reason is that these low-elevation satellites are more likely to give rise to
multipath and this a common prefilter in other GNSS receivers.

The third pre-filtering handles the satellites that for some reason not giving rea-
sonable measurement predictions (innovations). If the satellite positions are cor-
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rect and pseudoranges are correctly broadcast most of the signals also pass this
filter. This prefilter reminds of the RAIM-algorithm, which was discussed in Sec-
tion 3.1.

3.3 Probabilistic Multipath Mitigation

As mentioned in Section 3.2 the cornerstone in Probabilistic Mulitpath Mitiga-
tion (PMM) is a regular UKF with time update and measurement update. The
difference is however that for each combination of measurements a unique mea-
surement update is done. In the end of the algorithm a Gaussian mixture is done
to weigh the output of all measurement updates. The Bayesian filtering used
in the UKF is described in Section 3.3.1. The basic principles of the algorithm
are described in Section 3.3.2. In Section 3.3.3 some words about the required
hardware can be found.

µBlox Time update Hypotheses
association

...

MU3

MU2

MU1

MUj

+
Raw data A1

3

A1
2

Ami

A1
1

[x̂, P ]

[x̂, P ]

Figure 3.3: Structure of the Probabilistic multipath mitigation. The low
cost receiver provides the algorithm with raw data, in terms of ephemeris
data and pseudoranges. From the time update the predicted state is sent
forth to the hypotheses association block, in which the hypotheses are cre-
ated. For each hypothesis a measurement update is performed and eventu-
ally weighted together in a Gaussian mixture from which the state and the
covariance is sent back to the time update.

3.3.1 The Bayesian filtering

The Bayesian filtering in the algorithm consists of a Unscented Kalman Filter
(UKF), see Section 2.2. The parameter used in the Unscented Transform (UT)
is presented in Table 3.1. The motion model and the measurement model are
presented in the following sections.

Motion model

It is very important to choose an appropriate motion model in the filtering. The
motion model was chosen according to Try Simple Things First. Thus a constant
position model was first evaluated. But since the result was not good enough,
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the next motion model was the constant velocity/heading model, which later be-
came the final motion model in this thesis. The final states are three dimensional
positions in UTM-coordinate system (x, y, h), heading (θ), velocity (v), receiver
clock offset (dt) and receiver clock drift (dtdrif t). This results in the state vector
defined in (3.1). The motion model, f , is described in (3.2).

x̄ =



xu
yu
θ
v
h
dt

dtdrif t


(3.1)

x̄k+1 = x̄k +



v cos (θ)Tk
v sin (θ)Tk

0
0
0

dtdrif tTk
0


(3.2)

Measurement model

The measurement model used in the PMM is based only on the position states,
the receiver clock offset and the pseudorange measurements. A simplified model
of the pseudoranges are described in (3.3), where the pseudoranges only consist
of the geometrical distance, described in (3.4), and the clock offset. Eventually
the total measurement model is described in (3.5).

ρi = ri + c · dt (3.3)

ri =
√

(xi − xu)2 + (yi − yu)2 + (zi − zu)2 (3.4)

ρi =
√

(xi − x̃)2 + (yi − ỹ)2 + (zi − h̃)2 + c · dt (3.5)

Since the positions of the satellites are given in ECEF-coordinates [xi , yi , hi] the
states [x,y,h] have to be transformed from UTM-coordinates to ECEF-coordinates
[x̃, ỹ, h̃], see Section 2.1.4. The transformation are described in Appendix A.

3.3.2 Basic principles of the algorithm

This section aims to describe how to generate hypotheses, how to calculate the
likelihood for each hypothesis and in the end of the section a description of the
Gaussian mixture can be found.
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Parameter Value

α 10−3

β 2
κ 0
λ 10−6nx − nx√
nx + λ 10−3nx

ω(0) −10−6

Table 3.1: Parameters used in the unscented transform (UT) in the Un-
scented Kalman Filter (UKF).

Generate hypotheses

The algorithm starts with receiving pseudorange measurements [z1, z2...znz ] ∈ {z}
from the low cost receiver. These measurements are divided into valid {z}valid
and invalid {z}invalid measurements, depending on if the pseudorange measure-
ments are affected by multipath or not. Since it is not known a priori whether
a measurement is valid or not all possible hypotheses have to be generated. The
first subsets are defined by the number of valid measurements in the hypothe-
ses, i.e. Am contains all the hypotheses with m valid measurements. Each of
these hypotheses contains

(nz
m

)
hypotheses. It is also possible to limit the amount

of hypotheses by setting the maximum and minimum valid measurements in a
hypothesis, nmin and nmax. An example of the generation of hypotheses with
nmax = nz and nmin = 0 is described in (3.6).

A =



A0 =
{
A0

1 if {z} = {z}invalid

A1 =


A1

1 if z1 is valid
A1

2 if z2 is valid
...

A1
nz if znz is valid

A2 =


A2

1 if z1 and z2 are valid
A2

2 if z1 and z3 are valid
...

...

Anz =
{
A
nz
1 if {z} = {z}valid

(3.6)

For notation matter it is nice to have some kind of notation for the combinations
of measurements. This is introduced in (3.7).
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ckn =
{
(c1, c2, c3 . . . cn) | ci ∈ {0, 1}

n∑
i=1

ci = k
}

(3.7)

The interpretation of ckn is all combinations of drawing k measurements from
total n measurements. Further on, the notation ckn[i, j] means the cj in the i:th
combination. Once again, this is just for notation matter.

Probabilities of hypotheses

This section aims to sort out the probabilities of each hypothesis. The total set
of measurements at time instant k is denoted as Zk . In order to calculate the
probability some assumptions have to be made.

From the law of total probability it follows

p(xk | Zk) =
∑
Ami ∈A

p(xk | Zk , Ami )P (Ami | Zk) (3.8)

With Bayes’ rule gives

P (Ami | Zk) = ηp({z}k | Ami ,Zk−1)P (Ami | Zk−1) (3.9)

P(Ami | Zk−1) is assumed to be independent from the previous measurement and
therefore P(Ami | Zk−1) = P(Ami ). The prior distribution of this probability is as-
sumed to be uniformly distributed, as there is no prior knowledge. Therefore
P(Ami ) cancels out in (3.9). η is called normalization factor and is defined in
(3.16).

The available measurement set needs to be split into two different measurement
sets, valid and unvalid. Assuming independence between these two sets it follows
that

p({z}k | Ami ,Zk−1) = p({z}validk | Ami ,Zk−1)p({z}invalidk | Ami ,Zk−1) (3.10)

However, it is necessary to divide each of these two sets in two more sets, spatial
and validity.

For the set containing valid measurement the spatial likelihood is known from
the UKF. The UKF provides an m-variate Gaussian distribution in every mea-
surement update and by evaluating this Gaussian distribution at zki the spatial
likelihood is obtained.

p({z̆}validk | Ami ,Zk−1) = p(zik | Zk−1) = Λi
k (3.11)

The invalid measurements are assumed to be independent and their spatial like-
lihood is defined as the product of the single likelihood for each measurement.
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Furthermore they are assumed to be following an uniform distribution and there-
fore the spatial likelihood for the invalid measurement is defined as in (3.12).

p({z̆}invalidk | Ami ,Zk−1) =
nz∏
j=1

(l−1
j )1−cmnz [i,j] (3.12)

lj is defined as the gate width of the measurement j. In order to use this distri-
bution it is necessary to prefilter all measurements. This prefiltering, which was
described in Section 3.2.1, removes all pseudoranges that are too far from their
predicted value.

The validity likelihood, P(∨z = ∨ | Ami ,Zk−1), describes the probability that a mea-
surement j is not affected by multipath, given a association event and the prior
measurement. The opposite, the probability that a measurement j is affected by
multipath, P(∨z = ∨̄ | Ami ,Zk−1), is described by the 1 - P(∨z = ∨ | Ami ,Zk−1).
Assuming that the validities of all measurements are independent the validity
likelihood for the complete set is defined in (3.13).

P (∨z = ∨ | Ami ,Zk−1)

= P (∨{z}validk = ∨ | Ami ,Zk−1) · P (∨{z}invalidk = ∨̄ | Ami ,Zk−1)

= P (∨z = ∨ | Ami ,Zk−1) =
nz∏
j=1

(P jV )c
m
nz [i,j](1 − P jV )1−cmnz [i,j]

(3.13)

In the last step of (3.13) it is used that P(∨zjk = ∨ | Ami ,Zk−1) abbreviates PjV .

By inserting (3.11)-(3.13) in (3.10) the overall probability results in (3.14).

p({z}k | Ami ,Zk−1) = Λi
k

nz∏
j=1

(P jV )c
m
nz [i,j]

(
lj
−1(1 − P jV )

)1−cmnz [i,j]
(3.14)

The association probability (the probability for a hypothesis given the measure-
ments), see (3.15), is then the scaled version of the overall probability and can
therefore be calculated with (3.14) and (3.16).

P (Ami | Zk) = ηp({z}k | Ami ,Zk−1) (3.15)

η−1 =
min(nz ,nmax)∑
m=max(0,nmin)

(nzm )∑
i=1

p({z}k | Ami ,Zk−1) (3.16)
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Gaussian mixture

With these probabilities, the state estimation and covariance matrix P from each
hypothesis the algorithm, is ready for the Gaussian mixture, which is defined in
(3.17)-(3.18). This mixture is needed because the time update in the next time
step requires a single state/covariance estimation.

x̂k|k =
∑
Ami ∈A

P (Ami | Zk)x̂
Ami
k|k (3.17)

Pk|k =
∑
Ami ∈A

P (Ami | Zk) · (P
Ami
k|k + (x̂

Ami
k|k − x̂k|k)(x̂

Ami
k|k − x̂k|k)

T ) (3.18)

3.3.3 Hardware

Since this is a pure software solution, no extra sensor or other hardware than the
GPS-receiver is needed in order to run the algorithm. The hardware used in this
thesis is further described in the next chapter, see Chapter 4.

3.4 Integration of GNSS and vehicle sensor

As mentioned in Section 3.1 the most commonly used approach to enhance GNSS
is to integrate it with other sensor systems. But how to integrate these systems
can vary a lot. When speaking of fusing GPS and other sensor system it is often
referred to tight or loose coupling. The Section 3.4.1 aims to described the differ-
ences, advantages and disadvantages of the two concepts. The basic principles of
the algorithm is described in Section 3.4.2. The hardware is described in Section
3.4.3.

3.4.1 The Bayesian filtering

The Bayesian filter in the algorithm is more or less the same as in the PMM, see
Section 3.3.1. The only difference is that the Bayesian filter contains another state
transition function, f . In the PMM f only had dependency of state vector x. In
this algorithm f also depends on an input, u. Before describing more of the
algorithm some words about coupling technique are given.

Tight coupling

Tight coupling is a low level fusion method, which means that raw data from the
receiver is used in the fusion algorithm. Therefore the measurement equation
involves equations for the pseudorange measurements. The main benefit with
tight coupling compared with loose coupling is that tight coupling enables more
control and information. On the contrary tight coupling requires more knowl-
edge of the receiver and therefore also more implementation time. In order to
use psuedoranges the satellite positions are needed. Another disadvantage of
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tight coupling is that it requires raw data from the receiver, which is not always
available for external users.

Loose coupling

In loose coupling (LC) the user positions (and user velocities) calculated by the
receiver are used in the fusion algorithm. Therefore it is rather simple to imple-
ment, compared to tight coupling, since it does not need any additional knowl-
edge of the receivers hardware. The drawback is however that you may loose
some useful information, which the receiver for some reason chooses not to out-
put. However, the main drawback of LC is that the LC-algorithm requires four
satellites to be in LOS in order to output a position [10].

3.4.2 Basic principles of the algorithm

In this thesis a tight coupling technique was used and the principle of the tight
coupling (TC) algorithm was inspired by [19], where the authors uses the extra
sensor information as input to the motion model, in order to get more precise
prediction of the states. Therefore the measurement model will be the same as
in PMM, see Section 3.3.1. The motion model is changed and is defined in (3.19).
The sensor inputs used in the algorithm are the speed of the vehicle (vod), yaw
rate (θ̇gyro) and the longitudinal acceleration (along ). This results in that the time
update depends on the previous states and sensor inputs and the measurement
update depends on the prediction from the state update and the measurements.
The block diagram of the algorithm is given in Figure 3.5.

Figure 3.4: Illustration of the different input signals from the vehicle sen-
sors: Vehicle speed vod , longitudinal acceleration along and yaw rate θ̇gyro.
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xk+1 = xk +



vod cos (θ)Tk
vod sin (θ)Tk
Tk(θ̇gyro)
Tkalong

0
dtdrif tTk

0


(3.19)

Sensors

µBlox

Time
Update

Measurement
Update

UKF

Pseudoranges, [z]

Sensor values, [u] [x̂k+1|kPk+1|k ]

[x̂k|kPk|k ]

Figure 3.5: Block diagram of system with tight coupling and vehicle sensor
input. As the block diagram indicates, the sensor values from the vehicle
sensors are only used in the time update and the pseudoranges are only used
in the measurement update.

3.4.3 Hardware

In contrary to PMM the TC algorithm requires additional sensors. Fortunately,
the Scania trucks are already equipped with those sensors and therefore it will
not be any additional cost. As mentioned in Section 3.4.2 the needed sensors are
odometry sensors, gyroscope and accelerometer.

3.5 Integration of PMM and tight coupling

Since the PMM only differs from a regular UKF in the measurement update and
the TC only differs in the time update, it is straightforward to integrate the two
algorithms. The goal of the integration is obtain a better state estimation in the
time update by using the vehicle sensors as input to the constant velocity model.
Further on, the TC algorithm hopefully gets a better measurement update with
the hypotheses. The block diagram of the system is given in Figure 3.6.
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Sensors

µBlox

Time update Hypotheses
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...

MU3
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+
[x̂k+1|k , Pk+1|k ] A1
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Ami

A1
1

[x̂k|k , Pk|k ]

Raw GPS data

Figure 3.6: Block diagram of system with tight coupling with hypotheses.
The main difference to PMM is the sensor value input to the time update
and the main difference to TC is the hypotheses association block, which is
the same as in PMM.





4
Test and results

This chapter aims to present the test and the test results, performed within this
thesis. In Section 4.1 the test methods and the methods critique are presented.
The section contains information of the different subsystems, such as GPS re-
ceivers, vehicle sensors and the software platform. In Section 4.2 the main test
results are presented. The parameter settings are also presented in that section.
Section 4.3 describes the main advantages and disadvantages of the different ap-
proaches. In Section 4.4 the impact of excluding low elevation satellites is dis-
cussed and results from simulations with only high elevation satellite are pre-
sented. The chapter ends, in Section 4.5, with a summary of the results.

4.1 Test

In this master thesis the algorithms were only evaluated offline, but all of the
approaches are real time capable. The methods and the methods critique are
presented in the next two subsections, Section 4.1.1 and Section 4.1.2. The data
to the offline evaluation was collected during a data collection, which is described
more in detail in Section 4.1.3. In Section 4.1.4 the hardware (GPS receivers and
vehicle sensors) used during the tests is described.

4.1.1 Method

In order to know whether the algorithm mitigate multipath or not, a measure-
ment of multipath has to be defined. Of course it is possible to study the results
plotted on a map and compare the different algorithms with a ground truth. By
studying which of the results that differs most from the ground truth, it is possi-
ble to analyze how well the algorithms perform. One way of studying this is to
plot the result, Latitude/Longitude, in Google Earth. In order to plot the result

35
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from Matlab in Google Earth, a kml-file, which more or less is a regular text file
with the estimated states in it, needs to be generated. Once the kml-file is created
it is straightforward to import the trajectories into Google Earth.

However, the map approach is not sufficient. In order to enhance the evalutation
method it would be more convenient to have a mathematical description of the
performance. This is done by studying the differences between the estimated
coordinates ([xalg , yalg , halg ]) and the ground truth coordinates ([xgt , ygt , hgt]) as
in (4.1)-(4.3), and later define absolute errors in 2D and 3D, ψ2D and ψ3D , as in
(4.4)-(4.5). Moreover, the Root Mean Square (RMS) for 2D is defined in (4.6)

xe = xgt − xalg (4.1)

ye = ygt − yalg (4.2)

he = hgt − halg (4.3)

ψ2D =
√
x2
e + y2

e (4.4)

ψ3D =
√
x2
e + y2

e + h2
e (4.5)

RMS =
√

mean(ψ2D )2 (4.6)

Since the Bayesian filters in the algorithms not only output the states but also the
covariance matrices, which tell how accurate the estimations are, it is straightfor-
ward to plot the errors with confidence intervals. In all coming one-dimensional
error plots an estimated confidence interval is plotted together with the error. In
the two-dimensional case, it is possible to plot ellipses around the estimate and
studying whether the ground truth is inside the interval or not. These ellipse
plots give good intuition of how good the estimations are. They are not included
in the report, since it easily becomes cluttered because of the amount of data.
However, when working with the state output these ellipse plots are very conve-
nient.

4.1.2 Method critique

It is always difficult to cover all cases, especially when it comes to such random
phenomena that multipath is. In order to study the results further, more tests
have to be done. However, the results in this report give an indication of how the
algorithms work and whether it is the case or not that the positioning is enhanced
or not.

Since the ground truth GPS and the low cost receiver does not have the same
sample time, an interpolation was needed. Therefore the ground truth may not
be as accurate as desired. The ground truth receiver may also suffers from errors.
This is, however, not a problem since the primary goal of this thesis is to investi-
gate the relative performance of the algorithms. However, the major error in the
ground truth is of such nature that it is usually reflected in a constant error. It is
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very rare that the ground truth receiver does not handle multipaths.

4.1.3 Data collection

In order to evaluate the algorithms presented in Chapter 3 it is necessary to have
a good data set. Since the main goal of the approaches is to enhance the posi-
tioning in harsh environments it is important to find places where multipaths
can occur. The data collection area consisted of two laps around the test track at
Scania and a shorter trip to Södertälje downtown. At the test track there is rather
dense forest from which multipath could occur. During the way to Södertälje
downtown the truck passed under bridges and through dense urban areas. The
routes are presented in Figure 4.1.

Figure 4.1: The blue trajectory is the first part of the data collection, two
laps around the test track at Scania. The red part is the second part of the
data collection, Södertälje downtown. During the way the vehicle passed
both dense forests, under bridges and through dense urban areas, which re-
sulted in multipaths. The data presented in the figure was collected with the
ground truth receiver.

In order to evaluate the approaches the raw GPS data, was collected from a
low cost GPS. Further on, a high precision GPS was used to collect navigation
data (Lat/Long/Alt), which it is possible to compare algorithms with. In or-
der to implement and evaluate the tightly coupled UKF, vehicle sensors, such
as wheel speed, yaw rate, accelerations (lateral/longitudinal) were recorded too.
The recorded data are described in Table 4.1.

The most straightforward way to log and analyze GNSS data is to use the standard
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Name Sensor type Signals

GPS - low cost EVK-5T Long/Lat/Height,
Pseudoranges/SvID,
Doppler shift/SvID

GPS - high precision Oxford RT3040 Long/Lat/Height

Wheel speed sensor Standard vehicle sensor Wheel speed for ev-
ery wheel, Vehicle
speed

Yaw rate sensor Standard vehicle sensor Yaw rate

Lateral accelerometer Standard vehicle sensor Lateral acceleration

Longitudinal accelerom-
eter

Standard vehicle sensor Longitudinal accel-
eration

Steer wheel angle Standard vehicle sensor Steer wheel angle

Table 4.1: Description of sensors and signals in the data collection. Not all
of these sensors were used in the algorithms, but they were logged in order
to optionally develop the algorithms.

format Reciever INdependent EXchange format (RINEX). RINEX is a standard
text format, in which the available raw GNSS data are stored [20]. In order to
make a tight coupling with vehicle sensors, the other sensor system needs to
be sampled in the same time frame. This means that RINEX, which is only a
text format for GNSS systems, becomes more or less unusable. Thus, another
solution must be found. The solution in this thesis was Scanias own logging
systems, which filters out the GPS raw signals and logs the other sensors in the
same time frame. This data could then be imported into Matlab and used in the
algorithms.

4.1.4 Hardware

This section provides a description of the used hardware during the thesis. The
different GPS receivers are described in the first subsection. Further on, the ve-
hicle sensors are described. In the last subsection some words about potential
additional sensors are given.

GPS receivers

An evaluation GPS kit from µBlox, see Figure 4.2, was used as a low cost receiver
during the master thesis. The most important thing is that the receiver can out-
put raw GPS data, in particular psuedoranges and ephemeris data. The receiver
model µBlox EVK-5T was used in this thesis but the proposed algorithms work
for similar GPS receivers, i.e. µBlox EVK-5H. There are two protocols of out-
puts from the receivers, the string messages (NMEA, navigation message) and
the binary messages (UBX). The raw data are hidden in the binary messages. By
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converting this binary messages to data structures, the raw data becomes avail-
able for the algorithms. The µBlox EVK-5T has an non uniform sampling time
and varies from 0.2 seconds to 0.5 seconds. The receiver was configured in such
a way that it would include all possible satellites. This means that even low ele-
vation satellites were included in order to collect as much data as possible.

Figure 4.2: To left: GPS receiver µBlox EVK-5T. To right: Antenna of the GPS
receiver.

With help of RTKLIB, [21], the binary output was converted to RINEX format,
which contain a navigation file (NAV) and an observation file (OBS). The ephemeris
data for each satellite are stored in the NAV-file, which is straightforward to parse
and import to Matlab. If the ephemeris data for some reason is not available from
the receiver there are several servers that can supply the user with the data. [22].

The UBX-file were also decoded by the Scania logging system and therefore made
it possible to log the pseudoranges in the same time frame as the other sensors
values.

In offline mode there are other ways of calculating the satellite positions. One
of those is to use so called SP3-files (Standard format # 3), which contains pre-
calculated satellite positions. The positions are calculated each 15 minutes. By
interpolation, it is possible to calculate the satellite positions for each time in-
stant. This approach could of course cause small errors due to the interpolation.
In this thesis, the algorithms for this are available thanks to the Matlab Toolbox
goGPS, [5], but is not used, since the ephemeris data were available from the data
collection.
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From the UBX-file it is also possible to post-calculate the positions with the RTK-
library. These estimates of the position are probably slightly worse than the posi-
tioning provided by a standard configured receiver, because of the fact that there
was no pre-filtering before the output of the UBX-file. The RTKlib post-calculated
positions, which hereafter is known as the µBlox estimation, is used to compare
the proposed algorithms with.

A high precision GPS receiver, Oxford RT3040 was used as a ground truth. This
GPS receiver is equipped with a special antenna to mitigate multipath and more-
over it uses integration of GPS and IMU. Altogether the Oxford RT3040 have a
resolution under 1 meter according to the product information [18]. Since this
GPS receiver uses Omnistar, which has rather poor coverage in Södertälje, this
help system may degrade more than it helps. Therefore it is worth mentioning
that the "ground truth" may not exactly be the ground truth.

Vehicle sensors used for tight coupling

The sensors used for the tight coupling are standard vehicle sensors. It is most
likely that some prefiltering is done before logging the sensor values. Thus, this
can be seen as a black box for the user and is not handled within this master
thesis.

One problem that arises when integrating different sensor systems, such as GPS
and vehicle sensors, is that the sample time can differ from one sensor system to
another. A linear interpolation is performed before using the sensor values.

Potential additional sensors

In order to get an even better estimate from state update in the tight coupling
algorithm, it would be possible to use even more sensors as input. As mentioned
in Table 4.1, there were sensors values logged during the data collection although
they were not used in the proposed algorithms in accordance with the theory
of Try Simple Things First. If the extra sensors were used in a proper way, the
positioning would probably be even better.

4.1.5 Software

Since there was no existing platform in the beginning of the master thesis a GPS
platform was coded in Matlab. This platform is designed to work as a regular
receiver but with opportunities to used the proposed algorithms. It is possible
to choose which data set to simulate. The platform only works offline, but with
small modifications it is possible to develop the platform for online use. The
open source toolbox goGPS has been used for some parts of the platform, e.g.
determining the satellite positions. The whole platform are illustrated in Figure
4.3.
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µBlox
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Sensors

Scania
Logging
System

Matlab

GoogleEarth

RTKLIB

.ubx decoder

.ubx

Vehicle sensors

Lat/Long/Alt

.kml
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.mat State/error/plot
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Figure 4.3: Illustation of the data flow with in the platform. The low cost
receiver outputs the information in binary data, called .ubx. The RTKLIB
toolbox converts the .ubx to .nav and .pos, which can be handled by the Mat-
lab platform. Further on, the .ubx information is via Scanias .ubx decoder
(dashed line) logged in their logging system together with the high precision
GPS, Oxford RT3040, and the vehicle sensors. The logging system outputs
the data in .mat format, which the Matlab platform imports. The Matlab
platform outputs the results (state/error/plots) and .kml files. The .kml files
can later be analyzed in GoogleEarth.

4.2 Evaluation

To be able to draw any conclusions, whether an algorithm is better than another
or not, the tests have been done by the same basic parameter settings. The tests
have also been simulated with the same input data. There are totally six data
sets: Ground truth, low-cost GPS output (Lat/Long/Height) post-calculated by
RTKlib, regular UKF, UKF with tight coupling (TC), UKF with hypotheses (PMM)
and UKF with hypotheses and tight coupling (PMM/TC). For each data set, the
2D-positioning, height, position errors in all three dimensions and the absolute
error in 2D and 3D are presented for the whole data set. Furthermore, three inter-
esting zones are picked out to better illustrate the performance of the algorithms.
These areas are picked in such a way that it will present each algorithms strengths
and weaknesses. The areas are hereafter called zones and are numbered 1-3 in
the order they appeared in the data collection. The zones are illustrated in Figure
4.4. Sections 4.2.1-4.2.4 provides the overall results from the algorithms and in
Section 4.2.5 the results from the zones are presented separately.

The common parameters for the different approaches are presented in Table 4.2
and in Table 4.3. The process noise parameters are tuned so that the regular UKF
gives as good result as possible. For the PMM algorithm the validity likelihood
and the gate width are set to be constant.
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Zone 1

Zone 3

Zone 2

Figure 4.4: The three most interesting areas during the data collection. The
first area, Zone 1, is where the truck passes under a bridge and through two
roundabouts. In this area the risk for multipath is really high. The second
area, Zone 2, is a really tricky area where the truck drives slowly and it has
two large buildings on each side. The last area, Zone 3, is an area where the
receiver actually experience clear multipaths.

4.2.1 Results of regular UKF

In this section the overall results from the regular UKF are presented. The first
section handles the data set from the test track and the second section takes care
of the downtown data set.

Test track

There were no major problems in the test track data set for any of the receivers.
The multipath from the "deep" forest was not as problematic as imagined. It
probably would have been worse if the data collection would have taken place
in summer, because of leaves on the trees. Another example of the influence
of leaves is the test performed in [23]. The results from the regular UKF are
presented in Figure 4.5 as a position plot, in Figure 4.6 as state error plot with an
estimated confidence interval and in Figure 4.7 as the 2D- and 3D-error. Since
there were no major problems for the regular UKF the rest of the algorithms will
not be evaluated for the test track data set.

In Figure 4.5 and Figure 4.6 it is clear that the altitude result suffers from an
offset. In order to evaluate the algorithm better the mean error are subtracted
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Parameter Description Values

σ2
a Acceleration process noise 30 m/s2

σ2
ω Yaw rate process noise 1.5 rad/s
σ2
h Height velocity process noise 70 m/s
σ2
c Clock drift acceleration process noise 8 m/s2

σ2
ρ Pseudorange measurement noise 10 m

Table 4.2: Common process noise parameters for the different approaches.
The first four parameters are the variances of the process noise. The last
parameter is the variance of the measurement noise.

Parameter Description Values

lj Gate width 100 m

P
j
v Validity likelihood 0.5

Table 4.3: Parameters used in the PMM algorithms. Both the gate width and
the validity likelihood are set to be constant.

from the altitude result (dashed blue trajectory) in Figure 4.5. The dashed blue
line follows the ground truth. Moreover, it is smoother than the µBlox altitude
estimate.
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Figure 4.5: Position plot from the test track data set. The upper picture
shows a horizontal position plot in UTM-coordinates from the ground truth
(red), together with the µBlox (green) and the regular UKF (blue). The lower
picture presents the altitude from the GT (red), µBlox (green) and the regular
UKF (blue). The dashed blue line is the regular UKF minus the mean error.
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Figure 4.6: Plot of the position state errors (blue) together with an estimated
3σ -interval (red).
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Figure 4.7: Plot of the geometrical errors in two (blue) and three (red) di-
mensions respectively.

Downtown

In difference to the test track data set, the downtown data set had a lot more
tricky situations. There were several stops and many more situations where there
were greater risk of multipaths. In this section the overall results provided by the
regular UKF algorithm from the downtown data set are presented.

Overall the regular UKF handles the positioning rather well. The µBlox altitude
estimate suffers a lot from spikes and a bias. The regular UKF altitude estimate
also suffers from a bias but it is much smoother than the µBlox, which is illus-
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trated in Figure 4.8. Figure 4.8 illustrates the horizontal positioning as well. It
can be seen that it follows the ground truth. The 2D and 3D errors plot, see Fig-
ure 4.10, illustrates that the algorithm never outputs an 2D error greater than 40
meters (except for one time). In the figure it is clear that the 3D error and 2D
error have the same shape, which once again indicates the fact that the altitude
estimate suffers from an offset.

From the estimated confidence interval it can be seen that the algorithm has areas
where it is aware of the tricky situations, see Figure 4.9. The main problem seems
to be after t = 400−450 seconds, where the confidence interval in both the x- and
y-state is over 40 meters respectively 50 meter wide. This is one of the most tricky
areas. The truck passes then between two large building in low speed.
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Figure 4.8: Position plot from regular UKF. The estimate of the altitude from
the UKF follows the µBlox curve very well. As in the test track data set both
the µBlox and the regular UKF suffers from a bias. By subtracting the mean
error between the ground truth and UKF altitude estimate it is clear that the
result also follows the Oxford RT3040 estimation of the altitude.

4.2.2 Results of Probabilistic Multipath Mitigation

In this section the general results from the PMM algoritm are presented. For
simplicity the two parameters lj and P jv were set to constant values, see Table 4.3.
This is a potential enhancement, which is further discussed in Chapter 5. The
parameters for the UKF algorithm in the PMM are the same as for the regular
UKF.

The general horizontal positioning is good, except for some areas, see Figure 4.11
especially in the upper right corner of the x/y-trajectory. This is the area where
the vehicle drives slowly between two large buildings. Figure 4.11 also present
the result of the altitude estimate. It is clear that the PMM algorithm provides a
much smoother altitude estimate than the µBlox. By subtracting the mean error
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Figure 4.9: This plot illustrates the errors from the regular UKF in
x/y/altitude together with an estimated confidence interval.
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Figure 4.10: Total error in 2D and 3D position from a regular UKF.

from the estimate it is also clear that the altitude estimate follows the ground
truth. The only problem in altitude estimate is after t = 580 − 600 seconds. How-
ever, the µBlox has larger problems in the estimation of the altitude in this area.

The estimated confidence interval is almost constant over time, except for some
tricky areas, see Figure 4.12 . The most problematic area is after t = 400 − 450
seconds. Except for that area, there are only a couple more areas where the confi-
dence interval is greater than the constant value, e.g. after t = 250 − 300 seconds
and t = 1100 − 1150 seconds. These areas are further discussed in Section 4.2.5.

The 3D error is more or less following the shape of the 2D error, which once again
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confirms the fact that the altitude estimate suffers from a bias. The 2D error, see
Figure 4.13, is never greater than 40 meters, except for two times where errors
have the magnitude of 60 meters and 70 meters. The 60 meters error is the same
tricky situation where the regular UKF had its only 2D spike. The 70 meters
error does appear in the area where both algorithms’ (UKF and PMM) confidence
intervals indicate problem, after t = 400 − 450. However, the result in the error
differs a lot. The PMM algorithm output an error of 70 meters meanwhile the
regular UKF output an error lesser than 40 meters. This area is further analyzed
in Section 4.2.5.
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Figure 4.11: Position plot from the PMM algorithm. The result in altitude
from the PMM follows the µBlox curve very well, but suffers from a bias. By
subtracting the mean error between the ground truth and the algorithm it
is clear that the algorithm also follows the Oxford RT3040 estimation of the
altitude. This is illustrated by the blue dashed line.

4.2.3 Results of tight coupling

In this section the results of the TC algorithm are presented. The parameters used
in the algorithm are the same as for the regular UKF. This may not be the optimal
setting, since the states are updated with vehicle sensor input instead of being
modeled as constant velocity. This is a potential improvement, which is further
discussed in Chapter 5. As for previous algorithms with same justification the
results from the test track are excluded.

The TC algorithm provides a horizontal positioning which follows the ground
truth, see Figure 4.14. Further on, the altitude provided by the TC is much better
than the µBlox. The altitude estimates from the µBlox and the TC suffer from
biases. However, meanwhile the µBlox suffers from spikes in the altitude estimate
the TC provided a much smoother estimate of the altitude, see Figure 4.14.

Both the regular UKF and the PMM had their main problem after t = 400 − 450,
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Figure 4.12: Position state error plot from PMM algorithm. This plot il-
lustrates the errors in x/y/altitude together with an estimated confidence
interval.
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Figure 4.13: Total error in 2D and 3D position from PMM.

where the vehicle drives in low speed between two large buildings. This area is
much better handled by the TC algorithm. The estimated confidence interval is
much less than in the other algorithms. The estimated confidence interval from
the TC is never wider than 60 meters, see Figure 4.15. This is an improvement,
both the UKF and the PMM exceeds 60 meters width of the confidence interval
several times in the time interval t = 400−500. As mentioned before, the altitude
estimate suffers from a bias, which also can be seen in the Figure 4.15.

The 2D error is slightly larger than the 2D error provided from the UKF and the
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PMM algorithms. The 2D error exceeds 40 meters a couple of times but there are
no larger spikes in the error, see Figure 4.16. The fact that the 3D error has the
same shape as the 2D error indicates once again that the altitude estimate suffers
from a bias.
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Figure 4.14: Position plot from the TC algorithm. The altitude estimation
from the TC follows the µBlox curve very well, and suffers only of a bias
from the Oxford RT3040. By subtracting the mean error between the ground
truth and the algorithm it is clear that the algorithm also follows the Oxford
RT3040 estimation of the altitude.
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Figure 4.15: Position state error plot from TC algorithm. This plot illustrates
the errors in x/y/altitude together with an estimated confidence interval. As
in Figure 4.14, it is clear that the altitude estimate suffers from a bias.
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Figure 4.16: Total error in 2D and 3D position from TC.

4.2.4 Results of integration of PMM and TC

In this section the results of the PMM/TC algorithm are presented. The param-
eters used in the algorithms are the same as for the PMM and the regular UKF.
This may not be the optimal setting but the potential improvements are further
discussed in Chapter 5.

The horizontal positioning is good, see Figure 4.17. In contrary to the PMM algo-
rithm, which had some problems in the upper right corner of the trajectory, the
PMM/TC handles that areas well. The altitude estimate suffer from a bias, but
compared to the µBlox altitude estimate, the PMM/TC algorithm outputs a much
smoother altitude estimate.

The estimated confidence interval for the errors is smaller than for the PMM, see
Figure 4.18, especially in at the problematic area after t = 400 − 450. However, it
seems like the confidence interval for the x-error is larger for the PMM/TC than
for the TC.

The spikes in 2D/3D errors in PMM algorithms, are reduced with the integration
of vehicle sensors. This is illustrated in Figure 4.19, where the 70 meters 2D error
no longer exists at time instant t = 400 − 450. However, the 2D error exceed 40
meters error more often in the PMM/TC than in the PMM.

4.2.5 Comparison of the algorithms

All the comparisons are done for the downtown data set, since the test track data
set did not cause that much problems. As mentioned before, there are three main
zones where the algorithms will be compared, Zone 1-3. The following three
subsections will present the result from each of these zones.

As seen in the position plots in previous section all the algorithms handles the
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Figure 4.17: Position plot from the PMM/TC algorithm. The result in alti-
tude from the PMM/TC follows the µBlox curve very well, and suffers only
of a bias from the Oxford RT3040. By subtracting the mean error between
the ground truth and the algorithm it is clear that the algorithm also follows
the Oxford RT3040 estimation of the altitude.
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Figure 4.18: Position state error plot from PMM/TC algorithm. This plot
illustrates the errors in x/y/altitude together with an estimated confidence
interval. As in Figure 4.17, it is clear that the estimation in altitude suffers
from a bias.

height estimation very well, except for the bias. The reasons why the bias occur
can be many, e.g. not good enough troposphere and ionosphere error corrections.
But since Scanias main interest is to know the grade on the road the bias is not
a problem. The main focus in this sections will therefore be to evaluate the hori-
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Figure 4.19: Total error in 2D and 3D position from PMM/TC algorithm.

zontal positioning, i.e. x- and y-coordinates.

Zone 1 - The bridge

Zone 1 is an interesting area. The risk of multipath is really high, since the truck
passes under a bridge and through two following roundabouts. The truck passes
this zone twice during the downtown data set. The right trajectory in the figures
is the first time the truck passes and the left is the second time. The bridge is
small enough to let the GPS signals through. In Figure 4.20 the comparison of
the regular UKF and the µBlox together with the ground truth is presented. From
that figure it is clear that it is a harsh environment for the GPS receivers. Both
the UKF and the µBlox have problems with multipaths.

Since the signals are reflected in the area it would be interesting to study the per-
formance of the PMM algorithm. The PMM algorithm handles the areas slightly
better actually, see Figure 4.21. The first time the truck passes the bridge and
the roundabouts the multipath is mitigated and the second time the algorithms
performs equally well.

By integrate the PMM with the TC the multipaths are further mitigated and there
is only one data point instead of multiple reflections the first time the truck
passes the area. On the way back to Scania the multipath is also mitigated, see
Figure 4.22.

It is also the case that the regular UKF becomes more accurate with the vehicle
sensor input (TC algorithm) and that the multipath are mitigated with the PMM
algorithm, see Figure 4.23. As mentioned before, the truck also drives through
two following roundabouts meanwhile it passes under the bridge. The results
in the above mentioned figures, indicate that the integration of vehicle sensors
enhances the positioning.
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Figure 4.20: Comparison with ground truth (blue) in Zone 1. This plot
shows the result from µBlox (green) together with the regular UKF (black).
The UKF algorithm gives a smoother trajectory but still suffers from multi-
paths, on both ways.
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Figure 4.21: Comparison with ground truth (blue) in Zone 1. In this plot
the comparison is done between the regular UKF (black) and the PMM (red).
The first time the truck passes under the bridge the multipaths are slightly
mitigated.

Zone 2 - Multiple problems

Zone 2 is a harsh environment for GPS receivers. None of the algorithms han-
dle this area as desired. Still, there are some differences in the results from the
algorithms, which are interesting to investigate. It is interesting to study the
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Figure 4.22: Comparison with ground truth (blue) in Zone 2. In this plot the
comparison is done between the PMM (red) and the integration of PMM and
sensor input (magenta).
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Figure 4.23: Comparison with ground truth (blue) in Zone 2. In this plot the
comparison is done between the regular UKF (black), UKF with sensor input
(cyan) and the integration of PMM and sensor input (magenta).

confidence interval from the filter from all algorithms. Studying the interval in
position state error plots, all filters are aware of the harsh environment, since all
filters output a larger variance. The interval is smaller in the case of vehicle sen-
sor input to the state model. This is exactly the purpose of the integration of the
sensor input. These algorithms have very high potential to enhance the position-
ing in this area by only using the state update. However, the problem is to know
when to exclude the measurement update and thus not use the satellites. This is
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further discussed in the next chapter, see Chapter 5, as a proposal of future work.

In Figure 4.24 the result from the regular UKF (red) and the µBlox (green) are
compare to the ground truth (blue). It is actually the case that the µBlox han-
dles the horizontal positioning in this area better than both the regular UKF, see
Figure 4.24. The first problem would be that the large buildings reflect the sig-
nals from the satellites (multipaths) and thus affect the algorithm. However, the
problem is that the PMM algorithm, which handles the multipaths rather good
in most cases, actually outputs an even worse result. The regular UKF output a
better positioning than the PMM, see Figure 4.25. As mentioned previously in
the report, the UKF and the PMM are however aware of the problem. Thus, the
filters output a larger confidence interval for this area, see for instance Figure 4.9.
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Figure 4.24: Comparison with ground truth (blue) in Zone 2. This plot
shows the result from µBlox (green) together with the regular UKF (black). It
is clear that both algorithms have problems in this areas, although the µBlox
actually do better than the regular UKF.

It seems like there are problems with many of the signals from the satellites in
Zone 2. Thus, the approach of including the vehicle sensors into the state update
would enhance the positioning. Figure 4.26 confirms this hypothesis. The PMM
algorithm (red) suffers a lot from the low speed and the reflections against the
buildings in vicinity, but by including the vehicle sensor the PMM/TC algorithm
handles this zone better. Still this approach does not give the desired result. It is
actually the case that the TC algorithm handles the area better than the PMM/TC,
see Figure 4.27.

Zone 3 - Multipath mitigation

Zone 3 is a typical multipath situation, where the signals are affected by multi-
paths several times before they return to only LOS. In this zone it is very clear
how well each algorithm can mitigate multipaths. The UKF does not handle the
multipath at all. The TC algorithm hardly mitigate the multipath, but still it is
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Figure 4.25: Comparison with ground truth (blue) in Zone 2. In this plot
the comparison is done between the regular UKF (black) and the PMM (red).
The PMM suffers from a larger error than the regular UKF.
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Figure 4.26: Comparison with ground truth (blue) in Zone 2. In this plot the
comparison is done between the PMM (red) and the integration of PMM and
vehicle sensor input (magenta).

better than the regular UKF. In this area the PMM shows its power of mitigating
multipath. Both PMM and PMM/TC are superior the regular UKF and the TC,
see Figure 4.28. It is also the case that the PMM/TC performs slightly better than
the PMM, which thus once again confirms that the integration of vehicle sensor
enhances the horizontal positioning. It is very interesting to study the high preci-
sion receiver, which is not even slightly affected by the multipaths.
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Figure 4.27: Comparison with ground truth (blue) in Zone 2. In this plot the
comparison is done between the regular UKF (black), UKF with sensor input
(cyan) and the integration of PMM and sensor input (magenta).

Figure 4.28: This picture illustrates the differences in the resluts of the algo-
rithms. This section is taken from t =1010:1200 in the downtown data set.
The blue trajectory is the ground truth (Oxford RT3040), the white trajectory
is the regular UKF. The red trajectory is the result of the PMM algorithm.
Moreover, the TC algorithm is the yellow trajectory and the magenta colored
trajectory is the PMM/TC.

4.3 Advantages and disadvantages of the algorithms

One advantage of PMM is that it handles multiple multipath situations. The
algorithm does not care about how many reflections the signals are affected by.
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Available satellites nmin nmax Number of hypotheses

4 1 4 15
3 4 5

6 1 6 63
4 6 22

8 1 8 255
4 8 163
6 8 37

Table 4.4: Some example of the number of hypotheses. During the down-
town data set there were at most 9 satellites available.

Another advantage of PMM is the fact that it does not need any additional sensors
and is therefore cheaper than most of the other multipath mitigation approaches.

The main disadvantage of the PMM algorithm is however that it is very computa-
tional heavy. Even though choosing not to generate all possible combinations of
measurement sets, i.e. nmin > 0 and nmax < nz , the number of hypotheses grows
fast. Table 4.4 presents some example of the number of hypotheses, which also
leads to the number of measurement updates, at each time instant.

The main advantage of the TC algorithm is the possibility to exclude the GPS-
system and only navigate with the vehicle sensors. This can be used not only in
harsh environments, but also in areas where the GPS signals do not reach the
receiver, e.g. in tunnels and in dense forests.

One drawback of the tight integration algorithms is that it is tricky to tune the
filter. In a regular UKF the process noise parameters have some intuitive meaning
but in the tight integration algorithm this intuition gets loss.

One disadvantage of TC would be that the sensors in some cases may not be
reliable and therefore degrades the performance of the UKF.

4.4 The impact of excluding low elevation satellites

As an experiment the elevation cutoff level (ECL) of the satellites was increased
from 15◦ to 20◦. The result shows that some of the multipaths were eliminated.
One of those situations is illustrated in Figure 4.29, which actually is Zone 3.
Compared to Figure 4.28 the result of the regular UKF is now performing much
better. This indicates that it is the low elevation satellites that give rise to multi-
paths, at least in this case. The problem is however, that in harsh environments
there may not be that many satellites. Exclusion of low elevation satellites may
in those cases give rise to positioning problems. Moreover, as long as the low
elevation satellites not cause multipaths, they are very useful in the positioning
algorithm. The RMS values from the different ECL and algorithms are presented
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in Table 4.5.

Figure 4.29: This picture illustrates the solution of increasing the elevation
cutoff level from 15◦ to 20◦. The white trajectory is a regular UKF, same as
in 4.28. The red trajectory is the same UKF, but with the higher cutoff level.
Blue trajectory is the ground truth, provided by the high cost receiver Oxford
RT3040. It is clear that the multipath, which most likely was because of a
low elevation satellites, now is mitigated.

4.5 Discussion of the results

From the overall result it is clear that all algorithms handle the regular areas well
and there are no major differences between the algorithms. However, it is in the
harsh environments the proposed approaches differ. It is clear that the different
algorithms actually mitigate the multipath phenomena, more or less, compared
to the regular UKF. This can be seen in Figure 4.28, Zone 3. From that picture it
is clear that the PMM algorithm with vehicle sensor input is the best algorithm
to mitigate multipath, even though PMM without sensor input is only slightly
worse. Worth mention here is that the filters are tuned in the same way and it is
most likely possible to tune the filter differently to provide a better positioning.

From Zone 1, where the receiver is affected by multipath when the vehicle is driv-
ing slowly, it is clear that the multipath is mitigated by the different algorithms.
It seems like the sensor input enhance the positioning, especially when the truck
is driving in a low speed. This is further confirmed in Zone 2. When the speed
is higher, as in Zone 3, the vehicle sensor input does not enhance the positioning
that much. The PMM algorithm enhances the position in most cases, especially
when it is integrated with the vehicle sensor input. However, the PMM algorithm
seems to degrade the performance of the receiver when the truck is driving in a
low speed. This is solved with the integration of vehicle sensors.
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Approach ECL [◦] RMS 2D [m]

UKF 15 17.7
20 17.5

PMM 15 18.0
20 17.9

TC 15 19.2
20 19.1

PMM/TC 15 19.7
20 18.3

Table 4.5: The RMS values increases for the approaches with PMM when the
elevation cutoff level (ECF) is increased from 15◦ to 20◦.

It is possible to enhance the positioning by increasing the elevation cutoff level,
as described in Section 4.4. In really harsh environments this method is not con-
venient, depending on the number of available satellites.



5
Summary

This chapter aims to summarize the report in terms of conclusions and sugges-
tions of future work. The conclusions are presented in Section 5.1 and in Section
5.2 proposals for future work are given.

5.1 Conclusions

The positioning is enhanced in some sense, since the input data to RTKLIB and
the proposed algorithms are the same. However, a standard configured low-cost
GPS receiver would probably give a better result than the post-calculated µBlox
trajectory presented in previous chapter. In particular the multipaths are miti-
gated and the altitude estimate is much smoother.

The use of the vehicle sensors enhances the algorithms, especially when the vehi-
cle is driving with a low speed, as in Zone 1 and Zone 2. From the figures with
the confidence interval it is clear that the intervals are reduced. The filters with
the integration of vehicle sensors (TC and PMM/TC) provide thus a more reliable
positioning.

The test with the exclusion of the low elevation satellites indicates that in many
cases it is these satellites that give rise to multipath. By excluding these satellites
the RMS values is decreased. However, in really harsh environment this may
not be a convenient method, since there may not always be that many satellites
available.

It became very clear during this thesis that a GPS receiver is really complex. It is
many man-years behind the positioning algorithms. For low-level enhancement
it is necessary to find special cases to enhance the positioning. To cover all cases
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with a basic platform is obliviously too complex.

This shows that GPS alone is not reliable enough in harsh environments but to-
gether with other systems it has potential to work very well. This is indicated by
the results from the PMM/TC.

5.2 Future work

The first thing to go on with, would be tuning the filter individually, especially
the tight integration algorithms. Speaking of integration algorithms it would also
be interesting to include more sensor information into the filter, such as lateral
acceleration and steer wheel angle.

Since the PMM algorithm in some meaning is the core of this thesis it would
be interesting to further investigate whether it is possible or not to enhance this
algorithm in some way, e.g. how the two parameters, validity likelihood and
gate width, affect the algorithm. Today, these parameters are set to be constant
which is kind of naive, since some satellites clearly suffer from a higher risk of
multipath.

The vehicle sensors are only used in the algorithms for a better state update. It
would be interesting to investigate if it is possible to integrate sensor data with
the hypotheses test.

It would be interesting to use more information from the satellites, e.g. Doppler
measurement. With Doppler measurements it is possible to calculate the velocity
of the receiver and therefore validate the velocity state in the measurement equa-
tion. This would probably also result in a more reliable measurement update.
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A
Coordinate transformations

This Appendix aims to explain the different coordinate transformations done in
this thesis.

A.1 Transformation between ECEF and
Latitude/Longitude/Altitude

The equations to transform latitude, longitude and altitude [φ, λ, h] to ECEF coor-
dinates [x, y, z] are described in A.1. In (A.2)-(A.8) the transformation from ECEF
to Latitude/Longitude/Altitude is described.

xy
z

 =


a cosλ√

1+(1−e2) tan2 φ
+ h cosλ cosφ

a sinλ√
1+(1−e2) tan2 φ

+ h sinλ cosφ

a(1−e2) sinφ√
1−e2 sin2 φ

+ h sinφ

 (A.1)
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r =
√
x2 + y2 + z2 (A.2)

λ = arctan(
y

x
) (A.3)

φc = arctan(
z√

x2 + y2
) (A.4)

ψ = arctan(
tan(φc)√

1 − e2
) (A.5)

φ = arctan(r sinφc +
e2a

1−e2 sin3(ψ)

r cos(φc) − e2a cos3(ψ)
(A.6)

N =
a√

1 − e2 sin2(φ)
(A.7)

h = r
cos(φc)
cos(φ)

− N (A.8)

A.2 Transformation between
Latitude/Longitude/Altitude and UTM

Since the transformation between Latitude/Longitude/Altitude and UTM is not
programmed by my own in this thesis, no equations are presented here. Instead
it is referred to the goGPS toolbox where functions for transformations are in-
cluded.

A.3 Transformation between ECEF and UTM

In order to transform ECEF coordinates and UTM coordinates the other algo-
rithms in above Sections A.1 and Section A.2 are used.
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