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Abstract

Determination of location is a fundamental problem with a long history of
research and technical solutions. The research described in this thesis focuses
on the use of a specific signal, the magnetic field, to achieve improvements
in coverage and accuracy for location estimation of pedestrians and robots.
Firstly, we aim to extend coverage deep into indoor environments, where tra-
ditional radio-based localization technologies, such as ranging-signals from
satellites or terrestrial stations, suffer from difficult propagation channels.
Secondly, we wish to improve location accuracy, and enable applications
such as intuitive indoor navigation, which require significantly higher ac-
curacy than today’s systems can provide. We make use of a freely available
signal that does not require any infrastructure, and can be measured with
sensors that add very little to a device’s bill of material and power budget.

We start this thesis by describing the background and revisit basic prin-
ciples of location estimation. We describe related work in research as well as
technical approaches that are available today. We then outline the theoretical
background of our approach and introduce Bayesian estimation algorithms
and their use for recursive state estimation.

We begin the experimental part with an analysis of the magnetic field in
indoor environments, and how we used a robot to create a high resolution
map of the field close to the ground in our lab area. We then represented
this data as a fingerprint map to perform localization within the same space.
We implemented the recursive state estimation as a particle filter, and used
it in a high accuracy magnetic-inertial navigation system for pedestrians and
robots. We performed experiments for both cases to test and demonstrate
the performance of the system. To avoid the required mapping phase in the
localization approach, we then developed an implementation of the Simulta-
neous Localization and Mapping (SLAM) algorithm, and performed several
experiments that validated its performance for pedestrian locomotion in var-
ious indoor environments.

We close the thesis with conclusions, and describe ideas for future research.
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Chapter 1

Introduction and Motivation

The Importance of Location

Determining their own location has always been a fundamental problem for
mankind. For millennia, humans worked on finding better means to estimate
their location in the environments they lived in, using the tools and knowl-
edge they had available. In the stone age, piles of stones or other visual
landmarks marked the way for a traveler. The great naval explorers used
stars and compass to travel the seas. Later in modern times, satellite navi-
gation systems are the backbone of trade and travel in our society.

Today, the precise knowledge of location is a key requirement for a range
of important professional and consumer applications and services. The most
obvious is mobility, with applications like determining the location of a car
in a city, a hiker in the desert or a container ship along a foreign coast.
Commercial enterprises use this knowledge to organize their fleets of vehi-
cles, to track the storage location of a container in a big harbor area or
that of a small package in a warehouse facility. Mobile phones can tell their
users about nearby stores and restaurants, help organize ride-sharing, or tell
people where they have taken a photo. The possibilities are endless. The
availability of accurate, ubiquitous location estimates has a huge impact on
modern society, science and economy.

Unfortunately, there is no such thing as a location sensor. Location in itself is
not a physical property like temperature or magnetic field strength, that can
be directly measured with a specific sensor. Instead, it has to be inferred from
other signals. This process, the determination of a location, is usually based
on only a handful of basic principles, namely dead reckoning, triangulation,
trilateration and mapping/fingerprinting. Nearly all localization technologies

1



2 CHAPTER 1. INTRODUCTION AND MOTIVATION

can be grouped into one of these categories, and localization systems usually
use combinations of them by combining measurements of different sensors in
a process called sensor fusion. We will describe these mechanisms in more
detail in chapter 2: “Related Work.”

Indoor Location

The choice of a localization technology depends on the use case, which de-
termines the required accuracy, availability and available sensors and pro-
cessing power. Today’s most common localization method uses satellite nav-
igation systems like GPS or Galileo. Based on radio signals emitted from a
distributed set of satellites, consumer-grade navigation receivers offer great
coverage at low cost. While these systems provide a reliable location estimate
in most conditions outside, they are very limited in indoor environments due
to absorption, diffraction and reflection of the radio signals. Nevertheless,
sufficiently accurate indoor positioning is a key technology for a range of spe-
cific applications and services. For example, it would increase the safety of
firefighters and law enforcement officers that greatly rely on their situational
awareness; give more autonomy to industrial and personal robots that deliver
goods and keep our houses clean; and enable commercial mass market ap-
plications that lead consumers to desired facilities or products. While good
indoor localization has been achieved in robotics over the past two decades,
these approaches are often based on odometry from proprioceptive sensors
(e.g., wheel encoders) and environment features using active exteroceptive
sensors (e.g., laser range finders) or expensive infrastructure (e.g., dedicated
radio based systems). Indoor navigation for pedestrians has long been chal-
lenged by the lack of comparable and practical sensors for estimating motion
and detecting features.

Recent work using foot-mounted Inertial Measurement Units (IMUs) has
provided a feasible solution for obtaining pedestrian odometry (see section
2.1). However, the complementary environment feature detection to prevent
long-term inertial sensor drift remains an open research problem. Although
approaches based on sensing persistent radio signals or odometry-based floor
plans have been proposed, they come at the price of a dedicated radio in-
frastructure, difficult propagation conditions, or significant computational
cost (more in section 2.1). This work focuses on an alternative approach:
harnessing the geomagnetic field disturbances in indoor environments.
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Magnetic Field

The magnetic field has been used for localization purposes for centuries. As
a ubiquitously available vector field that is stable and relatively undisturbed
in most outdoor environments, its obvious use is a reference for orientation
measurements. A compass needle suffices to measure the horizontal direction
of this field and estimate heading based on a very simple dipole model. The
availability of correction charts for the declination, which is the difference be-
tween magnetic and geographic north, further increases the accuracy of the
heading estimate, and thus this simple approach has long been successfully
utilized in sea, air and land navigation.

The situation changes when moving to indoor spaces. In contrast to the
low spatial frequencies of the outdoor magnetic field, the indoor field may
change significantly on a scale of only a few centimeters. The geomagnetic
field is distorted by omnipresent ferromagnetic structures in modern build-
ings, such as reinforced concrete in floors or walls, beams or pillars, as well
as by electrically induced magnetic fields from sources like electric power
lines or machinery. This makes the traditional approach, which is assuming
a homogeneous magnetic field (in magnitude and direction) within a region,
prone to failure. Thus, the use of the magnetic field in indoor environments
has been considered futile for a long time (see also section 2.2).

The work presented in this thesis is taking a new approach, that performs
well in spite of distortions, and even benefits from the spatial variations. This
breakthrough is possible due to several reasons.

First, technical advances in microelectronics led to the availability of cheap
and capable sensors, which can nowadays be found on every mobile robot
and in every smartphone, and which provide an easy way to measure the
magnetic field. The resulting signals can be transmitted and processed using
common off-the-shelf systems and do not require any specialized hardware.

Second, algorithmic advances that have been developed mainly in the field of
robotic localization provide powerful methods to tackle this specific approach
to the localization problem.

Third, and the primary contribution of this work, are several insights into
the characteristics of the indoor magnetic field, and how it can be applied to
the localization problem: spatial variations of the indoor magnetic field are
largely static in time, and can be mapped with high accuracy. Given this
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map, we can do two things:

1. The magnetic field vector can be used together with the gravity vector
to estimate attitude in three dimensions.

2. Local variations in the magnetic field can be used to estimate location
in three dimensions.

The information content of the spatial variations influences the accuracy of
the localization estimate. Ultimately, an indoor navigation system will use a
combination of different systems, complementing each other to achieve high
coverage and accuracy at low cost. This work aims at providing important
contributions towards this goal.

1.1 Statement of Problems and Contributions

In this thesis we will treat the problem of localizing a moving robot or pedes-
trian (dynamic positioning) in typical indoor environments such as offices and
homes. This work is based on the idea of using spatial phenomena as anchors
for indoor localization. It focuses on the ubiquitously present, but strongly
distorted indoor magnetic field. First, spatial and temporal characteristics of
the field need to be analyzed and described to evaluate its potential benefit.
Extended mapping of the three dimensional magnetic field shall be conducted
for our lab space. Localization within the mapped magnetic fields shall then
be applied to robotic systems as well as to pedestrian navigation using only
inertial sensors. In a subsequent step, the feasibility to use the magnetic field
for Simultaneous Localization and Mapping (SLAM) shall be investigated.

These contributions are reflected in the thesis’ structure as follows:

In chapter 2, Related Work, we describe related work in the field of local-
ization technologies and different approaches to improving it, with a deeper
look into the current state of magnetic field - based localization1.

In chapter 3, Theoretical Background, we start with introducing important
terms and definitions. We then provide the theoretical background for our
work, followed by the Bayesian formulation of the problem. Additionally,
relevant properties of magnetic fields and different means to measure it are
introduced. We also describe the spatial and temporal characteristics of the

1A description of efforts to map the magnetic field in a historic context and a brief look
into magnetoception in biology can be found in Appendix C.
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geomagnetic field.

We build on these foundations in chapter 4, Novel Probabilistic Estimation
Problems, where we develop the specific algorithms used in this thesis and
describe them in detail. This chapter separates the problem into three sub-
problems: Mapping, Localization and Simultaneous Localization and Mapping
(SLAM). This separation is also used in the subsequent chapters.

Chapter 5, Experiments and Validation, describes the different experiments
that have been performed for this thesis to analyze and validate the algo-
rithms. The experimental setup, including employed hardware and software
is described, and results are discussed.

Chapter 6, Conclusions, summarizes the work that has been done in this
thesis and provides an outlook on future work.

1.2 Notation

We follow the standard mathematical notation in this work, except in cases
when stated otherwise. We use bold notation for vectors and capital letters
for random variables. This might lead to confusion with the capital notation
of matrices, but it should be clear from the context in the rare occasions ma-
trices are occurring during this work. A list of symbols and their descriptions
is also described in Appendix D, List of Symbols and Operators.
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Chapter 2

Related Work

In this chapter we discuss related work and put this thesis into the context
of other research efforts.

In outdoor situations, Global Navigaton Satellite Systems (GNSSs) are the
de-facto standard choice for location systems [DNR09]. The achievable ac-
curacy is sufficient for most applications, and while the system is relatively
expensive to maintain, its global coverage drastically reduces the cost per
user. The situation is significantly different indoors, where accurate and re-
liable navigation for pedestrians and robots remains a challenging problem.
As the useful physical signals are either distorted (for example radio waves)
or completely blocked (like visual signals) by building structures, a com-
parable system with global coverage is not directly feasible. Additionally,
indoor scenarios generally require better accuracy than outdoor scenarios,
as the structural elements in the environment have smaller dimensions. A
relatively small location error of one meter can be sufficient to push the user
to the wrong side of a wall into another room. On the other hand, specific
indoor features like walls and doorways form movement constrains that can
also be used to improve the location estimates by constraining the state space.

This still-unsolved problem has motivated a significant body of research on
algorithms and systems to improve indoor location accuracy and coverage.
We categorize and discuss the different approaches in the following sections.

7
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2.1 An Overview of Methods to Improve In-

door Localization

Extend the Usable Range of Existing Systems

Some researchers propose the idea to extend the usable range of existing
global systems towards indoor spaces. For GNSS systems this is possible,
within limits, by trying to detect and eliminate distortions, primarily multi-
path effects, in the radio environment. Wang et al. [WJMD09] develop an
improved channel model for non-line of sight indoor environments, while Gen-
tner et al. [GMU+16] propose learning detailed maps of multipath propaga-
tion. Khider et al. [KJS+10] move towards using more “raw” data, and fuse
satellite pseudoranges (radio propagation time measurements) with other
sensor data to improve the joint location estimate. These approaches can
help to extend the range of GNSS system indoors and dramatically improve
the quality of location in transition regions with strongly distorted signals, or
difficult outdoor scenarios like urban canyons. They are limited by the fact
that they fundamentally depend on receiving the radio signal of satellites,
which is unavailable in many indoor situations.

Improve Dead Reckoning Methods

Another approach is to work on improving dead reckoning methods. These
methods can be used to extend position estimates from places where a global
location is known towards areas where these are more difficult to obtain.
They can be used on their own, but also add great value when used in con-
junction with other methods that constrain motion. Dead reckoning has long
been used in aeronautical navigation by using strapdown algorithms, which
integrate inertial measurements over time to calculate a position. This is pos-
sible by using expensive high-grade measurement devices that are feasible to
be installed on larger platforms like airplanes, but are too expensive and large
for pedestrian applications. Thus, pedestrian dead reckoning (PDR) has to
work with a sensor quality that is much lower.

To cope with the increased errors, pioneering work by Foxlin uses foot mounted
inertial sensors [Fox05] to employ Zero Velocity Updates (ZUPT) during the
stance phase of a human step to periodically re-calibrate the sensors [SNH10],
[NSHH12]. An alternative approach which avoids the full integration are
step detection mechanisms, which can provide a coarser, but less error-prone
dead-reckoning estimate. A drawback of these class of algorithms is that
they usually make strong assumptions in the walking pattern, and only reg-
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ular forward movement is recognized correctly. In this work, we will use the
ZUPT algorithm in conjunction with the magnetic field measurements, as
will be described in more detail in the following chapters.

Deploy Dedicated Infrastructure

Some approaches foresee the deployment of dedicated infrastructure for po-
sitioning applications. These can be based on radio, acoustic, magnetic,
infrared or visual signals:

• Pseudolite systems try to extend the range of GNSS systems by in-
stalling terrestrial transmitters, which act as “satellites on the ground”
[SLPR99].

• WiFi-RTT is an IEEE 802.11 sub protocol that has been designed to
be part of future WiFi Access Points (APs) especially for localization
purposes. It is defined in the 802.11mc specification [IEE16], and pro-
vides a timing signal that can be used to measure the distance to an
AP [BSA16].

• Ultrawideband (UWB) systems employ impulse signals with high band-
width to acquire more accurate time of flight measurements [DCF+09].

• Bluetooth Low Energy (BLE) beacons and Radio Frequency Identifica-
tion (RFID) tags are a very commonly used technology as the beacons
are relatively easy to deploy [FH14]. BLE beacons are actively trans-
mitting an intermittent signal, while RFID tags are purely passive,
which results in lower achievable range.

• Some authors propose the use of artificial magnetic fields. This ap-
proach is described further in section 2.2.

• Other approaches are based on installing visual markers in an environ-
ment [MWBS09].

While specifically deployed systems can provide great benefit in dedicated
areas, they are generally difficult to realize for large-scale, or even global
deployments due to the cost for their installation and maintenance. BLE
beacons for example are needed in high numbers due to their relatively short
range, and need to be replaced regularly due to their limited battery life.
Ryanhor [Rya] provides an estimate for the expected maintenance cost, stat-
ing it would cost Walmart $1.5M yearly to maintain BLE hardware for its
stores in the US.
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Another limiting factor is the standardization and coordination effort that
is needed to install such systems across different countries, jurisdictions and
property owners, as well as infrastructure and device manufacturers. Thus,
we target a system that does not depend on any dedicated infrastructure.

Reuse Existing Infrastructure

One approach to avoid the installation cost for a dedicated localization sys-
tem is to use existing infrastructure that has been build for other reasons,
primarily radio communication systems. The difficulty here is that the pri-
mary use for these systems is not localization, resulting in characteristics of
the signals that can be disadvantageous for localization purposes. The most
commonly used signal is originating from Wifi APs that can be found virtu-
ally everywhere [LDBL07], [BR11], [BP00]. Other approaches like Gentner
et al. [GMK+12] use Long-Term Evolution (LTE) signals, which are used
in mobile radio networks. While these systems are beneficial, probably even
necessary in a ubiquitous localization system, we will ignore them for the
scope of this thesis, which focuses on methods that provide better accuracy.
Ultimately, both approaches can be integrated in a combined system.

Use Physical Features

Avoiding the need for any artificially installed infrastructure, several ap-
proaches use existing physical features for localization purposes. Some sys-
tems sense the environment using active sensors like laser scanners (Light
Detection and Ranging (LIDAR)) or sonar, while other systems work pas-
sively using vision or the magnetic field.

Visual systems can provide location with very high accuracy, but have the
disadvantage of requiring specific hardware and extensive calculations. Davi-
son et al. [DRMS07] and Klein et al. [KM07] use cost efficient monocular
camera sensors, while Ravi et al. [RSF+06] use visual landmark references.
A more indirect method is the use of movement constraints from floor plans
[WH08] [KR08].

Goldenberg [Gol06] describes the potential of using Geophysical Fields of
the Earth (GFE) for aeronautical navigation purposes. He describes the use
of land topography, the gravitational or the magnetic field. Especially the
magnetic field can also be used on a much more local scale, and we will look
specifically at localization methods using this field in section 2.2.
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Sensor Fusion

Although described separately here, the different approaches do not have to
be used in isolation. Many systems employ some form of sensor fusion that
combines the measurements of multiple sensors and data sources according to
their individual error characteristics. As an example, Fallon et al. designed
a system that fuses information from Red Green Blue - Depth (RGB-D)
cameras, LIDAR, inertial sensors, and barometric sensors [FJB+12]. This
approach is able to robustly localize in realtime for complex 6-Degrees of
Freedom (DOF) motion and challenging trajectories, such as on stairs and
elevators. We employ a limited form of sensor fusion (fusing acceleration,
turn rate and magnetic field measurements from inertial sensors), but the
system can easily be extended by combining it with additional signals.

Simultaneous Localization and Mapping

Some of the localization approaches described above require the knowledge
of specific map information. In the absence of known maps, an algorithm
called Simultaneous Localization and Mapping (SLAM) can be used to gen-
erate the required maps in parallel to performing localization. The most
substantial body of related work exists in the areas of robotics. These works
employ ground, air, and underwater robots using various sensors and types of
locomotion. The groundbreaking work of Smith et al. [SSC90], Leonard and
Durrant-Whyte [LDW91], Montemerlo et al. [MTKW02], and others have
resulted in a strong understanding of localization and SLAM solutions based
on active sensors such as sonars, LIDARs, and optical cameras. These efforts
have resulted in fieldable technologies that serve in numerous industrial, ex-
ploration [ESLW06], and transportation [UW08] applications. Drawing from
experiments and theoretical foundations laid in robotics, there are growing
efforts to achieve accurate and robust localization for human pedestrians
[AR12], [HRMT12]. Previous work using the ambient magnetic field has
successfully performed SLAM using a robot equipped with a magnetic sen-
sor operating close to the ground [HK09][VHKR10] with active loop closures
and in [ZM11] with additional non-magnetic-field sensors. In this thesis, we
will extend this work to pedestrian locomotion.

Summary

Different scenarios come with different real world constraints and implemen-
tation aspects, and different combinations of the described approaches can
be employed for each of them. Robotic applications can often be built using
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dedicated infrastructure, as they operate in a confined area that allows for
substantial investments. Robots can also be easily equipped with dedicated
hardware like laser scanners or extensive power supplies. This is similar for
professional applications for example in emergency or law enforcement op-
erations, where the benefit of high-accuracy location allows for dedicated
hardware investments. The most difficult area is that of consumer appli-
cations for the mass-market, due to the required ubiquitous and reliable
coverage, the difficulty of deploying dedicated hardware and the necessary
minimal cost. In this work, we will focus on using dead reckoning, based
on odometry from inertial sensors or wheel sensors, in combination with the
magnetic field. This ubiquitous field provides an easily accessible signal that
is available for all mentioned scenarios, with the potential to achieve global
coverage at low cost. We will describe related work in the field of localization
using the magnetic field in the next section.

2.2 Localization using the Magnetic Field

Utilizing the geomagnetic field is a central part of human navigation methods
for a long time. It played and still plays a big role predominantly in nautical
and aeronautical navigation. Using a compass, which measures the horizon-
tal component of the field, the orientation and thus direction of travel of a
ship or an airplane can be estimated. Unfortunately, magnetic north does
not always point towards geographic north (see section 3.5.3), and the exact
difference changes with the location on the planet. Because of this, one has
to know a map of these variations to be able to use the compass precisely.
We give more detail on this aspect and describe the historical context in
Appendix C.1.

In 2006, Goldenberg [Gol06] described the potential of using maps of Geo-
physical Fields of the Earth (GFE) in combination with inertial measurement
systems not only for heading, but also as a source of location information for
aeronautical navigation. Complementary to GNSS systems, these can pro-
vide additional information especially for aerospace navigation. Most GFEs
are well mapped in geographical dimensions, and are robust against distor-
tions or destruction. In addition to land topography or the gravitational field,
the work focused especially on the geomagnetic field and described some pro-
totype implementations and early commercial systems. As an example, the
first geomagnetic navigation system (MAGCOM) was already demonstrated
in 1960s by E-Systems, Russia followed with the MAGNET system in 1974-
1976 [Gol06].
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For a long time, the magnetic field was generally believed to be of limited use
in indoor environments due to strong and seemingly chaotic perturbations
caused by the abundance of ferromagnetic objects (see section 3.5.3). Mo-
tivated by correcting for the long-term drifting of inertial turn rate sensors,
many approaches detect spatial subsets of the indoor environment where
the magnetic field is only affected by minimal disturbances. Roetenberg et
al. [RLV03] extend a Kalman filter with a disturbance vector metric, which
compares the expected magnetic field vector calculated from accelerometer
and gyroscope with the actually measured one and achieve improved head-
ing performance. Bird et al. [BA11] suspended magnetic heading calcula-
tions when anomalies in the magnetic field were identified, suggesting that
the effects of the external anomalies cannot be estimated. Similarly, Afzal et
al. [ARL11a], [ARL11b] proposed using several triggers to signal undisturbed
heading estimates, thus isolating the perturbed regions from the clean ones.
Their work uses different values to determine this: stable magnitude of the
field, stable inclination angle of the magnetic field or a similar change of
magnetic field vector compared to the rotation measured by the gyroscope
are used as indicators.

In recent times, the magnetic field got more and more attention as a re-
liable source for both attitude and location information also in indoor envi-
ronments. The Focus has switched from avoiding, to employing the distur-
bances of the magnetic field. The first ideas sought to localize an object in a
one-dimensional environment. One of the first publications using a mapped
magnetic field for indoor localization is [STWK00]. The goal of the authors
is to localize an autonomous robot which is moving along a corridor. The
robots’ sensors provide odometry (an estimate of the traveled distance), and
the horizontal component of the magnetic field. Gozick et al. [GSDM11]
discuss the creation of (one dimensional) maps containing magnetic land-
marks for indoor navigation using sensors in mobile phones. They showed
that such landmarks of increased magnetic intensities are the result of com-
mon indoor objects such as large pillars or vending machines. Gozick et al.
provided field intensity datasets taken in the corridors at the University of
North Texas and showed that the magnetic signatures were stable over a
period of several months. Additionally, Storms et al. described a leader-
follower scenario to enable a follower to accurately match a leader’s motion
trajectory using only magnetic measurements. This leader-follower concept
was extended by Riehle et al. [RAL+11] to replay audio annotations at pre-
defined locations along predefined indoor routes with the aim of assisting
visually impaired individuals.
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Other work extended the approach to two-dimensional environments. Draw-
ing on an analogy to terrain matching in navigation, Storms et al. [SSR10]
proposed to use the magnetic field and its location dependent features to aid
an inertial navigation system in GNSS-denied environments. They showed
the feasibility of a Kalman Filter-based approach by using a Honeywell
HMR2300 magnetic sensor to first build a two-dimensional map then lo-
calize within that map at decimeter-level accuracy. Navarro et al. [NB09]
use a robot to map the magnetic field in a 2D plane and then use the map to
correct the heading estimate of the robot. Vandermeulen et al. [VVW13] lo-
cate a smartphone device on a two-dimensional intensity map and Le Grand
and Thrun [LGT12] use an algorithm based on a particle filter with a man-
ually measured magnetic field map at hip level, without using any odometry
information.

Some authors propose the use of specific sensor hardware. Renaudin et al.
[RAL10] use a special arrangement of multiple magnetic sensors to compen-
sate magnetic perturbations. A different approach [VMP07][Dor11] achieves
high quality odometry by making use of magnetic gradients, but requires a
well calibrated array of sensors in a specific arrangement.

With respect to Simultaneous Localization and Mapping (SLAM), Valli-
vaara et al. showed that geometrically consistent maps can be produced
from a dataset including magnetic field measurements [VHKR10]. They re-
ported convergence in 19 out of 20 particle filter runs on a dataset that has
been acquired using an iRobot Create mobile robot platform. The robot
was equipped with a MicroMag 3-axis magnetometer that was positioned
approximately 40 cm above the surface of the ground (judging by the pub-
lished pictures). Vallivaara et al. also presented positioning errors with mean
standard deviation of between 5 cm and 10 cm using the same platform and
sensor [VHKR11].

Modeling the magnetic field has been the topic of Kok et al. [KWSG13]
and Wahlstöm et al. [WKSG13], who develop a probabilistic model to rep-
resent the magnetic field. They propose a Gaussian Process based model
which is adapted to incorporate the divergence- and curl-free properties of
the magnetic field. Kemppainen et al. [KHVR10] also model the magnetic
field using Gaussian processes.

Calibration algorithms for magnetic sensors were proposed by Kok et al.
[KHS+12] who use a grey-box system identification approach to compute
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maximum likelihood estimates of magnetometer calibration parameters in
combination with inertial sensors. Gebre-Egziabher et al. [GEEPP01],
[GEEPP06] propose a non-linear two-step calibration algorithm.

Other use cases for the magnetic field are described by Lee et al. [LH14],
who propose a system to detect the presence of subway trains, or Moore et
al. [MT11] who proposed and successfully demonstrated a system that uses
the field for perching aerial robots on power lines.

Some authors propose the use of artificial magnetic fields. These have the ad-
vantage that the strength and direction of the field can be controlled within
certain limits, and an absolute location reference can be used if locations
of the manually placed coils are known. Pasku et al. [PDAM+17] couple
such a magnetic positioning system with an inertial dead reckoning system.
Kemppi [KPR10] makes use of the fact that the modulation of the field can
be controlled, and proposes using Helmholtz coils to create encoded and
uniquely identifiable magnetic signals at known locations. As mentioned in
the previous section, these manually deployed systems can be very helpful in
constrained environments, but it is difficult to deploy them on large scale.

Since the completion of this thesis, the utilization of the geomagnetic field
for localization has experienced a strong growth in interest within the re-
search community. An important area that has been further investigated
is the use of mobile devices (usually smartphones) and the development of
algorithms for this use case. Kuang et al.[KNZC18] develop an algorithm
that matches magnetic measurement trajectories to a given map in order to
limit the integration error from inertial navigation systems. He et al. [HS18]
give a summary on problems and algorithms in the area of smartphone-bases
magnetic localization. The process of crowdsourcing, or how to combine data
originating from different sources or users is further explored by Ayanoglu
et al. [ASE18]. Kok/Solin [KS18] propose a scalable SLAM algorithm that
can be used for three-dimensional localization of mobile devices. Hanley et
al. [HFZ+17] provide a reference data set for magnetic localization experi-
ments that has been captured in an area that contains magnetic distortions.
Further exploring the possibilities when using a special sensor arrangement,
Skog [Sko18] is proposing the use of sensor arrays, for example to estimate
the speed from changes

Some authors examine how to combine magnetic field maps with measure-
ments from different sensors. Wang et al. [WLM+18] combine magnetic
measurements and LED lights, while Zhang et al. [ZDZW18] add RFID and
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IRID (infrared) tags to a magnetic system. Other authors extend the ap-
plication area and use the geomagnetic field in other domains. Siebler et
al. [SOHS18] use characteristic distortions in the magnetic field along tracks
to localize a train, while Lager et al. [LTM17] propose to use the field for
nautical navigation.

The magnetic field and its use for localization purposes is a fascinating field,
both from a historic and scientific perspective. We provide some more back-
ground on the history of mapping efforts in appendix C.1, and summarize
some work that has been done in the area of magnetoception and how the
magnetic field is used in the animal world in section C.2.

2.3 Summary

As we described in this chapter, many ideas exist for using different algo-
rithms and technologies to improve indoor localization systems. We chose
to work on the magnetic field as we think this approach can provide a great
benefit in terms of accuracy and coverage, but is still strongly undervalued
in state of the art localization systems and corresponding research. Com-
pared to other systems like visual navigation, using the magnetic field also
has other advantages like fewer privacy concerns and reduced power and pro-
cessing requirements.

Historically, the indoor magnetic field has been seen rather as a distortion
and not as a useful signal, and this view is only changing slowly. Thus it has
not been used as an essential input signal to support rotation and especially
location estimation. Additionally, there are still gaps in the understanding
on the exact properties of the magnetic field, and no dedicated high-accuracy
mapping effort has been made prior to this work.

Multiple approaches to use the magnetic field exist in the research com-
munity. The pioneering work started in one-dimensional environments like
corridors, using leader-follower scenarios or other mapping methods. Subse-
quent work extended this to rudimentary versions of two-dimensional maps.
While most approaches are based on a robotic platform and can rely on solid
odometry measurements, some also try to use data from handheld devices.
While we think this has tremendous potential, it still requires more research
to work reliably. In this work we use pedestrian odometry that is inferred
from measurements taken on the foot, which provides a much higher relia-
bility than a hand-carried sensor.
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This work contributes to the state of the art by deepening the understanding
and extending the use of the magnetic field in multiple ways. We employ
a high-accuracy positioning system to exactly measure the magnetic field in
our laboratory space. These data are used to analyze the properties of the
magnetic field in indoor environments. We use the results to perform local-
ization using magnetic measurements and pedestrian or robotic odometry,
and compare it with high-accuracy ground truth measurements.

Going beyond our lab area, we develop and demonstrate a SLAM based
system that is able to construct magnetic maps without a separate position-
ing system. While a robotic SLAM system has been demonstrated before, we
extend the state of the art by using pedestrian locomotion and demonstrate
a working system with minimal localization errors.

As we will see later in this thesis, our proposed approaches are feasible in
a multitude of scenarios, given that we have some sort of odometry and a
magnetic sensor. It performs particularly well when sensing close to the
ground.
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Chapter 3

Theoretical Background

In this chapter we will describe the theoretical framework that is employed
throughout this work. We first introduce a generic formulation, and apply
it to the specific problem set of this thesis in the following chapter 4 “Novel
Probabilistic Estimation Algorithms”.

First, several important terms and definitions are established in section 3.1.
We will define the concept of a pose and describe its relation to different
coordinate systems (section 3.2). Afterwards, section 3.3 gives an overview
of the different existing methods to obtain a location estimate, and how they
are applied in this thesis. Section 3.4 introduces the probabilistic models
and basic algorithms that are used throughout this work, starting with the
concepts of Dynamic Bayesian Networks and recursive Bayesian Estimation
and leading to Sequential Monte Carlo Filters and the SLAM algorithm. The
chapter concludes with a section about the characteristics of the magnetic
field, how it behaves in interaction with materials and how it can be mea-
sured for being used in our estimation algorithms (section 3.5). This section
also puts a special focus on the ubiquitous geomagnetic field and how it is
influenced in indoor environments.

3.1 Naming and Definitions

Consider a spatial phenomenon, represented by a field

fv : l ∈ R3 7→ v ∈ Rn (3.1)

that maps every location l = [x, y, z]T in a three-dimensional Euclidean space
to a field vector v of n dimensions. This could be a field with n = 1 for scalar
fields like temperature, pressure or a radio signal strength, or n = 3 for vector

19
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fields with three orthogonal components v = [vx, vy, vz]
T such as a magnetic

or gravity field vector.

We are interested in observing these spatial phenomena, which is accom-
plished by moving one or more sensors through time and space. Time is
represented as a discrete sequence of samples taken at tsample = T0 + t · Ts

where Ts is the sampling interval, t is the sample index and the measurement
sequence starts at T0.

In space, a geometric relationship is described by a pose p. p is composed
of a translational part ptrans and a rotational part prot. In general p has
six degrees of freedom (6-DOF), three for translation and three for rotation,
which can be reduced under certain circumstances as will be discussed later.
A pose is always defined relative to a coordinate system, which we will de-
scribe in more detail in the next section.

We assume that a sensor exists that is defined by its sensing function

fs : 〈v ∈ Rn,ps〉 7→ zs ∈ Rm (3.2)

that maps the field vector v according to the sensor’s pose ps to a sensor
reading zs = [z0, z1, ..., zm−1]T , with m ≤ n. In this work we will examine
measurements with m = 1, like magnetic intensity, m = 2 for horizontal and
vertical components of the magnetic field, and m = 3 for the full vector field.

A sensor makes an observation zst at time t ∈ Z≥0, which is affected by
its pose pst in the field v. For the purpose of this work, we assume the field
in general to be stable over time:

v(t+ t0) = v(t) ∀ t, t0 (3.3)

Finally, the transition from pose pt−1 to pt is described by the odometry ut,
which we assume to be measured as observation zut . See section 3.3.1 for
more details.

3.2 Pose and Coordinate Systems

We perform all calculations and experiments in metric Cartesian coordinate
systems. We define a set of three main coordinate systems, or frames, that
are referenced towards each other. A measurement is captured in the sensor
frame, which is the frame used by the sensor to reference its m-dimensional



3.3. LOCALIZATION METHODS 21

measurements. The “platform” the sensor is carried on (e.g. the human or
robot) defines the platform frame. To reference positions in the surrounding
environment we use the world frame. If required, this frame can be refer-
enced towards the WGS84 ellipsoid, which provides a global reference. All
sensor measurements are captured in their respective sensor frames, (rela-
tive) odometry is usually defined in the platform frame, and trajectories and
maps are defined in the world frame.

A pose is always defined relative to a reference frame. It is, in fact, the
relation between one frame (the reference frame) towards another frame (the
one of the object whose pose we’re interested in). As described in the previ-
ous section, the pose p, can be separated into a translational part ptrans and
a rotational part prot. The translatory offset can be described in a straight
forward way as a vector ptrans = [x, y, z]T ∈ R3. The representation of the
rotation, also called attitude, is more complicated, and there are several ways
of such representations for different use cases [Shu93].

Sensor Frame Platform Frame World Frame
RP
S

RS
P

RW
P

RP
W

Figure 3.1: Rotational coordinate frame conversions. Rotation matrix RP
S

for example is describing the rotation from sensor to platform frame.

Common representations of rotations are Euler angles, rotation matrices and
quaternions. We use rotation matrix representation in this thesis, but we
used quaternion representations in our experiments due to their computa-
tional advantages [DP02].

As an example, the rotation matrix RW
P describes the rotation from plat-

form to world frame. Given a sensor measurement zS with m > 1 in the
sensor frame we can transform it to the world frame using

zW = RW
P RP

S zS. (3.4)

3.3 Localization methods

We have briefly introduced the different methods to calculate a position in the
introduction. We will go into some more details here, and focus especially on
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the two methods employed in this work, dead reckoning and fingerprinting,
but also describe the basic concepts for triangulation and trilateration.

3.3.1 Dead Reckoning and Odometry

Dead reckoning methods integrate differential position estimates to continu-
ously update a position estimate relative to the known or unknown starting
position. We call the movement from a pose pt−1 at time t− 1 to pose pt at
time t the odometry1 ut:

pt = pt−1 ⊕ ut (3.5)

As introduced in section 3.1, a pose p is combined from a translational part
pt and a rotational part pr. The odometry is a relative change in position
and attitude, and we define the operation ⊕ to include both components.

Typically, the odometry u is derived from inertial sensors for legged loco-
motion and rotary encoders for wheeled locomotion. For legged locomotion,
usually called Pedestrian Dead Reckoning (PDR), there are generally two
ways of calculating odometry from inertial measurements.

Inertial Navigation System (INS) integrate the acceleration and gyroscope
measurements, resulting in estimates of position and rotation changes. The
result of this integration is strongly depending on the error characteristics
of the used sensors, and the ability to observe and model internal states. In
this work we make use of a special case of this method, where the sensor
package is mounted on a foot and makes use of zero-velocity updates to ob-
serve the biases of the sensors. We use an Inertial Navigation System (INS) /
Unscented Kalman Filter (UKF) in conjunction with Zero Velocity Updates
(ZUPT), Zero Angular Rate Updates (ZARU) and Magnetic Angular Rate
Updates (MARU), for more details see [ZKRJ12] or [NSHH12].

The second method, which usually has to be used when the sensors can-
not be mounted on a foot, for example in the case of using mobile phones, is
step-based odometry. Here, the inertial signals are used to detect steps and
heading change, sometimes also including the stride length, which then are
cumulated to a sequence of directed steps that provides us with the odometry.

In the case of wheeled locomotion we can usually measure each wheel’s turn
rate very accurately. When knowing the wheel radius and angle we can cal-
culate the odometry. In our experiment we employ a holonomic platform,

1From ancient greek odos (“route”) and metron (“measure”)
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that uses mecanum wheels and can move in arbitrary directions on a flat
surface (see Fig. 5.3). Following [DGS07], we can calculate the odometry in
the platform frame, in this case horizontal translation and heading change,
with the geometric dimensions defined in Fig. 3.2 as

u =

 vx

vy

ωz

 =
R

4

 1 1 1 1

1 −1 −1 1

− 1
l1+l2

1
l1+l2

− 1
l1+l2

1
l1+l2

 ·

ω1

ω2

ω3

ω4

 (3.6)

with wheel radius R, ωi as the angular velocity of wheel i and l1 and l2 the
distances between wheel axes and body center.

Figure 3.2: Geometric dimensions in our employed robotic platform as re-
quired for odometry calculation with equation 3.6 [DGS07].

3.3.2 Fingerprinting and Maps

Fingerprinting is the method of assigning a “fingerprint” to a location. Dif-
ferent types of fingerprint are possible, and it is not necessarily unique to one
specific location (it is not bijective). A fingerprint could be the combination
of expected received signal strengths of radio transmitters, a depth profile
measured by sonar on a ship, or, like in this work, the magnetic field sig-
nal. A measured signal can be compared with a given set of fingerprints to
determine the location at which the signal is likely to have been measured.
To be able to use the fingerprinting method, we need to have access to the
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fingerprint database, which we call the map. In general, a map can by time-
variant, but in this work we assume time-invariant maps.

A map can be represented in different ways, generally using some kind of
data structure to represent a spatial distribution defined by a given set of
training data. One way to describe this distribution is to use non-parametric
statistics, in its simplest form using histograms to store all measurements in
an area. An alternative approach is to use a parametric model, which as-
sumes that the distribution follows a specific model, for example a Gaussian
distribution. This approach greatly reduces the number of parameters which
must be stored. Another widely-used representation for magnetic fields em-
ploys Gaussian Processes, such as has been described by Wahlström et al. in
[WKSG13].

The method we will use in this work bins the measurements into a spatial grid
and models the distribution within each particular grid cell. The grid repre-
sentation can follow different geometric primitives like squares, hexagons or
special structures like the s2 cells used in Google’s s2-geometry-library [Pro].
Within each of the grid cells we assume that the value of the physical prop-
erty is a random variable that follows a Gaussian distribution. The specific
representation used in this work is described in section 4.2, Map Represen-
tations.

3.3.3 Triangulation and Trilateration

We do not use the following two methods in this work, but quickly introduce
them for completeness, since they can easily be combined with our approach.
In both cases, a location is determined by using measurements relative to a
given set of reference points. Triangulation is based on angle measurements,
while trilateration uses distance measurements.

Triangulation systems can be based on vision, like celestial navigation or
camera based systems. Other systems use directional antennas to determine
the direction of a radio signal, for example the VHF omni directional radio
range (VOR) system that was widely used in aeronautical navigation. Tri-
lateration systems can also be based on radio signals and use signal strength
or propagation time to determine the distance to a transmitter. This is used
in satellite navigation systems like GPS or in systems with shorter range like
WiFi RTT. Other trilateration methods use laser range finders (LIDARs) or
ultrasonic audio signals.
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These systems are well-suited to be used as a component in a localization
system, but we will concentrate on odometry and fingerprinting and only use
an inertial measurement unit that provides acceleration, rotation rate and
magnetic field measurements.

3.3.4 Combining Dead Reckoning and Fingerprinting

Dead reckoning or fingerprinting are useful on their own, but each have funda-
mental drawbacks: the result of a dead reckoning algorithm strongly depends
on the quality of the input data. As this method integrates relative pose esti-
mates over time, errors accumulate over time. Fingerprinting methods have
the drawback that the location estimate can follow a multimodal probability
distribution, which – when reduced to point estimates – results in ambigu-
ous estimates and can lead to location jumps over time. Additionally, this
method requires prior knowledge in the form of maps.

While each has drawbacks on its own, they are to a large degree comple-
mentary to each other, and combining both methods significantly improves
the outcome. The fingerprinting can limit the cumulated error by providing
estimates relative to reference positions, while the dead reckoning helps to
achieve smooth state transitions. We still require the maps, and methods to
gather such maps will be one of the main topics in this work. As we will see
in section 3.4.2, dead reckoning and fingerprinting work well with a recursive
Bayesian location estimator, and can be applied to the prediction step (dead
reckoning) and to the update step (fingerprinting) respectively.

3.4 Probabilistic Modeling and Inference

This section introduces the general probabilistic system model that forms the
basis of our probabilistic estimation algorithms. In this work, information
is represented in the form of distributions over random variables, where the
random variables model the world’s relevant state. We are interested in
estimating this state over time. This state (especially a position) can not
be observed directly, but has to be inferred given some noisy observations
of other, correlated random variables. Consequently, we model our system
as a first order Hidden Markov Model (HMM), where the hidden state is
estimated over time. We will first introduce Bayesian Networks, and the
special form of a Dynamic Bayesian Network (DBN) which we use to model
the HMM. We will then apply this system model to a recursive estimation
procedure.
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3.4.1 Dynamic Bayesian Networks

Bayesian networks are a modeling framework that can help to reduce the
complexity of determining the joint distribution of a set of random variables.
They provide a way of using conditional independence between subsets of the
joint distribution to factor out some of these subsets. A Bayesian Network is a
directed acyclic graph (DAG), that consists of random variables as nodes with
the edges denoting the direct influence of one variable to another. Assume
we have a given set of random variables A,B and C. Given the chain rule of
probabilities the joint probability can be calculated as

P (A,B,C) = P (A)P (B|A)P (C|A,B)

We can now consider the relationship between the variables and model it
using a Bayesian Network, for example the one in Fig. 3.3. Here, B is inde-
pendent of C, given A: (B ⊥ C | A). This simplifies the calculation of the
joint PDF to

P (A,B,C) = P (A)P (B|A)P (C|A)

In general, “local independencies state that each node Xi is conditionally
independant of its nondescendants given its parents” [KF09].

A

B

C

Figure 3.3: Bayesian Network example: (B ⊥ C | A).

A Dynamic Bayesian Network (DBN) can be used to model the sequential
development of a set of random variables, for example the change of a system
state X, over time. The system state X can be multidimensional, and be
composed of hidden and observed attributes of the system. This state is often
called the “template”. The joint distribution of the state X0:t over time can
be computed as

p(X0, X1, ..., Xt) = p(X0:t) = p(X0)
t−1∏
i=0

p(Xi+1|X0:i)

We now simplify this calculation by employing the Markov assumption. In
this case a state at time t only conditionally depends on the state at time
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t− 1 (in a Markov process of first order), and not on any state before that:
(Xt+1 ⊥ X0:t−1|Xt). This assumption only holds if the system state X is
modeled in a way that includes all necessary variables. The calculation can
now be reduced to

p(X0:t) = p(X0)
t−1∏
i=0

p(Xi+1|Xi)

A Dynamic Bayesian Network (DBN) (see Fig. 3.4) can be used to represent a
Markov Model (or Hidden Markov Model if the state is not observed directly).
We will use this model in the recursive Bayesian estimator in the next section.

t− 1 t t+ 1

X X X

Figure 3.4: Dynamic Bayesian Network (DBN) for a time-variant state X.

3.4.2 Recursive Bayesian Estimation

We follow the general notion of a sequential Bayesian estimator, such as a
Kalman type filter or sequential Monte Carlo filter (e.g. [TBF05]). We aim
at recursively estimating the state X over time, in the form of a probabil-
ity density function. We gather information about the state by receiving
measurements Z and employing a process model with an additional random
variable U, which describes the characteristics of the change of X in the time
interval ((t − 1) · Ts, t · Ts]. In robotics, U is often called control input, in
pedestrian dead reckoning this is the odometry. We assume that in every
time step t, we receive one measurement and have one control input, and
the measurement is taken after the control input. We are interested in the
evolution of the state over time, given an initial state, all control inputs and
measurements: p(Xt|X0,Z1:t,U1:t).

Since we model the system as a hidden markov model, the state only de-
pends on the previous state, and “Xt−1 is a sufficient statistic of all previous
controls and measurements up to this point in time, that is, U1:t−1 and Z1:t−1”
[TBF05]. This can also be seen directly from the DBN shown in Fig. 3.5,
which describes the connection between these three random variables over
time.
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t− 1 t t+ 1

Z Z Z

X X X

U U U

Figure 3.5: Dynamic Bayesian Network (DBN) for a generic Monte Carlo
Localizer with time-variant state X, control input U and measurement Z.

This reduces the problem to

p(Xt|X0,Z1:t,U1:t) = p(Xt|Xt−1,Zt,Ut) (3.7)

Using Bayes rule and conditional independence again we can rewrite to:

p(Xt|Xt−1,Zt,Ut) =
p(Zt|Xt−1:t,Ut)p(Xt|Xt−1,Ut)

p(Zt|Xt−1,Ut)

= η p(Zt|Xt−1:t,Ut) p(Xt|Xt−1,Ut)

= η p(Zt|Xt)︸ ︷︷ ︸
update

p(Xt|Xt−1,Ut)︸ ︷︷ ︸
prediction

The problem can now be divided into two steps, called prediction and update.
The prediction step uses the control input U in the state transition model
and typically increases the uncertainty of X. It can be calculated using the
Chapman–Kolmogorov equation as

p(Xt|Xt−1,Ut) =

∫
p(Xt|Xt−1 = x,Ut) p(Xt−1 = x) dx (3.8)

The update step then uses the measurement Zt and typically decreases the
uncertainty. p(Zt|Xt) is also called the likelihood function. Both steps are
recursively applied in the Bayes Filter, see Algorithm 1.
Two well-known implementations of recursive Bayesian filtering are Kalman
filters and sequential Monte Carlo filters. Kalman filters and their various
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Algorithm 1 Bayes Filter [TBF05]
1: Initial belief X0

2: Control input Ut for every time step t
3: Measurement Zt for every time step t
4: Define bel(Xt) = p(Xt|Z1:t−1,U1:t)
5: Define bel(Xt) = p(Xt|Z1:t,U1:t)
6: for each t > 0 do
7: Prediction: bel(Xt) =

∫
p(Xt|Ut,Xt−1)p(Xt−1))dXt−1

8: Update: bel(Xt) = η p(Zt|Xt)bel(Xt)
9: end for

10: return p(Xt)

sub types, such as Extended Kalman Filters (EKF) or Unscented Kalman
Filters (UKF) are applied widely in sensor fusion tasks.

These filters make a couple of assumptions that do not apply in our case:
first, they assume a mono-modal normal distribution of the random variables.
The second assumption are linear relationships between the probability den-
sity functions in the processing steps, which the EKF and UKF achieve by
linearization. These assumptions are violated in our application. Hence we
have chosen to employ sequential Monte Carlo filters due to their less restric-
tive assumptions and possibility to represent highly multi-modal probability
density functions.

3.4.3 Sequential Monte Carlo Filter

The sequential Monte Carlo filter represents the posterior p(Xt|Z1:t,U1:t) by
a weighted set of NP state samples, also called particles, drawn randomly
from this posterior. Every particle i is associated with a weight w

[i]
t . Using

the dirac measure δ
X

[i]
t

at a given state X
[i]
t [AMGC02] we can write

p(Xt|Z1:t,U1:t) ≈
NP∑
i=1

w
[i]
t δX[i]

t
(Xt) (3.9)

Sequential Monte Carlo filters are frequently referred to as particle filters due
to the central role the particle concept plays in representing the probability
distribution of the filter’s state. The filter performs three main steps, that
are sequentially executed for each time step t:

1. Propagate the state by sampling from the state transition distribution
p(X

[i]
t |Ut,X

[i]
t−1)
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2. Update each particle’s weight using the measurement: w
[i]
t = p(Zt|X[i]

t )

3. Resample the set of particles according to their weight w
[i]
t to update

the sampling density.

Step 1 and 2 are equivalent to the proposal and update steps in the previous
section. Step 3 has an important role in the particle filter. If the number
of particles would be unlimited, they could cover the complete space of the
posterior probability. Obviously this is not possible in any feasible imple-
mentation of a particle filter, and in fact the smaller the number of particles,
the less computing resources are needed. The resampling step, in a process
also called importance sampling, re-distributes the set of particles according
to their weights, shifting the sampling density from areas of low posterior
probability to areas with higher probability, so that the available computing
resources can be used more effectively.

The resampling is a random process in itself and introduces noise, which
is modeled as sampling variance. Every time resampling is performed, the
sampling variance is increased. Several methods can reduce this effect. First,
the resampling does not have to be done in every iteration of the filter, and
particle weights can accumulate over time. A common criterion to decide
whether a resampling step should be performed is based on the number of
effective particles:

N eff =

(
NP∑
i=1

(
w

[i]
t

)2
)−1

with

NP∑
i=1

w
[i]
t = 1 (3.10)

This number decreases with the weights being concentrated on smaller num-
bers of particles, and resampling is performed if N eff falls below a predefined
threshold. Once the decision to resample has been made, different meth-
ods for the resampling itself can be used. We use an approach called low
variance sampling, or systematic resampling. In contrast to an individual
random sampler that selects new particles purely based on their weight, this
approach has several advantages, which we don’t describe in this work. More
background on particle filters can be found in [AMGC02], [TBF05].

3.4.4 Simultaneous Localization and Mapping

To perform the update step in the previous section, knowledge of the like-
lihood p(Zt|Xt) is required. The state Xt implicitly includes information
about the map of the environment, which is given a priori in a pure local-
ization task. If the map is not known, it can be estimated at runtime in
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a process called Simultaneous Localization and Mapping (SLAM). Here, as
the name says, the two tasks of localization and mapping are performed si-
multaneously. We now separate the map information from the filter state Xt

explicitly, and call it the map M. We assume the map M to be stationary,
i.e., it is not changing over time, see Fig. 3.6. The estimation problem can
then be formulated as

p(Xt,M | X0,Z1:t,U1:t) (3.11)

and can be solved in a recursive way similar to the Bayes Filter algorithm
described before.

t− 1 t t+ 1

M

Z Z Z

X X X

U U U

Figure 3.6: Dynamic Bayesian Network (DBN) for the SLAM problem, with
a time-invariant map M

Similar to for the localization filter, different implementations exist for the
SLAM problem. In many cases, the state space is complex especially for
large maps [MTKW02]. The particle filter provides an efficient solution for
the problem, and we chose to use a particle filter implementation for this
work. For more detailed information about the SLAM problem see the ex-
tensive available literature, e.g. [TBF05], [MTKW02], [LDW91], [DWB06]
and [BDW06].

3.4.5 Pedestrian Localization with FootSLAM

An example for using a SLAM approach is FootSLAM, which maps human
motion inferred from inertial sensors [RAK09] . The FootSLAM algorithm
makes use of the fact that humans follow the structures of a building when
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they walk through it, and creates a floor plan of the area. FootSLAM indi-
rectly uses the “sensors” build into a human, the vision system and human
perception. It creates a map of transition probabilities of pedestrian motion,
which is called the transition map M. Fig. 3.7 shows the FootSLAM DBN,
which we will briefly describe in this section.

t− 1 t t+ 1

M

Vis Vis VisInt Int Int

P P P

U U U

ZU ZU ZU

E E E

Figure 3.7: FootSLAM DBN with physical environment map M [RAK09].

For mapping the physical environment that affects human motion, we follow
[RAK09] and construct a hexagonal transition map M composed of 6-tuple
elements representing edge transition probabilities for each hexagon. Given
an odometry measurement sequence ZU

1:t but no means of directly observ-
ing the subject’s visual perceptive system (Vis) or motion intent (Int), we
wish to estimate the joint posterior between the hexagonal transition map M
and the state sequence {P U E}0:t, with position P, odometry U and error
of the odometry estimator E. The solution to this problem, based on the
FastSLAM factorization [MTKW02], is of the form

p({P U E}0:t,M|ZU
1:t) = p(M|P0:t) · p({P U E}0:t|ZU

1:t),

where, by recursive Bayesian estimation, the second term is written as

p({P U E}0:t|ZU
1:t) ∝ p(ZU

t |{U E}t) · p(Et|Et−1)

· p({P U}t|{P U}0:t−1) · p({P U E}0:t−1|ZU
1:t−1). (3.12)
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In the right hand side of (3.12), the first term treats the odometry measure-
ment as a function of the true pose change and the accumulated odometry
error, the second term is the odometry error correlation, the third term is the
intrinsic influence of the environment on human motion (FootSLAM term),
and the last term introduces the recursion. The SLAM algorithm used in
this thesis is an extension of the FootSLAM algorithm and we will extend
this notion in section 4.5 by a magnetic map component.

3.5 Magnetic Field

In this section, some fundamental aspects and properties of the magnetic
field are discussed. We focus on the topics that are important for this work,
especially the characteristics of the geomagnetic field and its interaction with
materials especially in the vicinity of buildings.

3.5.1 Basic Properties of the Magnetic Field

The magnetic field is a vector field that can be described by two related
properties2, the magnetic field strength H and the magnetic flux density B.
Both values are coupled by the permeability µ. In vacuum this is a constant
µ0 = 4π · 10−7 Vs

Am
:

B = µ0H (3.13)

The SI unit for the magnetic flux density B is Tesla (T), with 1 T= 1 Vs/m2

= 1 N/Am. Historically, the earth’s magnetic field is often reported using the
unit Gauss (G) of the CGS system, with 1 G = 0.0001 T = 100 µT (or 1 T =
104 G). An alternative unit is one gamma, 1γ = 1 nT. We will use the SI unit
T throughout this work. The H-field is measured in Ampère per meter: A/m.

Magnetic and electric fields are closely coupled to each other, a fact that
is reflected in the integral and differential forms of Maxwell’s equations3.
The first important equation that we will mention here describes a main
property of the magnetic field. Gauss’ law for magnetic fields defines that
the integral along any closed surface S of the magnetic field is zero. In other
words, there is no such thing as a magnetic monopole (which would be the
equivalent of an electric charge).∮

S

B · dA = 0 or div B = 0 or ∇ ◦B = 0 (3.14)

2While H and B are vectors, we will use the commonly used capital notation in this
section

3Note that we only consider the stationary case in this work, with dB/dt = 0.
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The second equation describes the interaction between electric charges and
the magnetic field that’s surrounding them. The integral along a closed curve
of the magnetic field B is equal to the enclosed current Ienc through this area
(J is the current density).∮

B · ds = µ0 · Ienc or rot B = µ0J or ∇×B = µ0J (3.15)

Two additional physical laws that describe the interaction between electrical
and magnetic fields are applied in the context of section 5.1 for the sensing
of magnetic fields. The first one is Faraday’s law of induction:

uind = −N dΦ

dt
(3.16)

with uind being the induced voltage, N the number of turns in a coil, and
Φ =

∫
A

B ◦ dA the magnetic flux.

The second one is the Lorentz Force Law, which describes the force that
is applied to moving electrical charges in a magnetic field:

F = q(v ×B) (3.17)

with q being the charge and v the speed it is moving with.

3.5.2 Magnetic Materials

An important characteristic of the magnetic field is the interaction with cer-
tain materials. This causes the signals that form the foundation of this
thesis, distortions of the magnetic field in indoor environments. If an object
is brought into the magnetic field, the field changes based on the type of the
material the object is made of. The flux density B changes by a factor of µr:

Bm = µrB0 = µrµ0H0 (3.18)

µr is dimensionless and called relative permeability. The change of the mag-
netic flux density in comparison to without the material is called magnetic
polarization Jm:

Jm = Bm −B0 (3.19)

which can also be expressed as Jm = (µr − 1)B0 = χmB0. χm = µr − 1 is
called magnetic susceptibility.
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An alternative and commonly used measure for the change of B in a ma-
terial is the magnetization M.

M = χmH =
Jm
µ0

(3.20)

and thus
B = µ0(H + M). (3.21)

Conceptually, small areas inside the material, called magnetic domains, de-
termine its magnetic behavior. In an unmagnetized material, the orientation
of these magnetic domains is randomly distributed, and thus have no effect.
But these domains can also interact and form a combined magnetic field,
and the exact behavior depends on the type of material. Different materials
can be grouped based on the value of their µr and according to their be-
havior in an external field, see Table 3.1. In some materials the randomness
of the magnetic domains persists also in an external field, these are called
magnetically neutral with µr = 1. Examples are air or water. In diamagnetic
materials, the magnetic domains work against the external field, and µr is
negative. Paramagnetic materials do the opposite and reinforce the external
field. In both cases, the effect is only weak, the value of µr is close to 1 and
constant with respect to the external field strength. The most relevant group
for our work are ferromagnetic materials. Ferromagnetic materials strongly
interact with magnetic fields and µr can be in the order of up to 105. If the
material is heated up above the Curie Temperature TC , the ferromagnetic
structure collapses and the material becomes paramagnetic. The value of TC
depends on the material.

Table 3.1: Categories of magnetic behavior and their permeability µr.

Neutral µr = 1 Example: air

Diamagnetic µr < 1 Examples: Cu, Bi, Pb

Paramagnetic µr > 1 Examples: Al, Pt, Ta

Ferromagnetic µr � 1 Examples: Fe, Co, Ni

As mentioned above, the magnetization is proportional to ||H|| = H for
many materials, and µr (resp. χm) is a constant. Ferromagnetic materials
are an exception, here the relationship is non-linear µr = f(H). Addition-
ally, the magnetic domains can stay in their orientation after the external
field disappears, creating a field themselves. This effect is called magnetic
hysteresis, and it is illustrated in Fig. 3.8.
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HC

−HC

BR

−BR

H

B

Figure 3.8: Magnetic hysteresis with coercitivity HC and retentivity BR.
Soft iron materials have a low HC , hard iron materials a high HC .

Two parameters can be seen in the graph, the coercitivity HC and retentivity
(or remanence) BR. HC determines the magnetic field strength a material
needs to be exposed to to get demagnetized and BR is the remaining mag-
netic flux density B if the external field H is zero. Based on their strength
to withstand an external field, materials are called soft or hard iron, dis-
tinguished based on the coercitivity HC . Soft iron materials can be easily
magnetized, they have a low coercitivity HC . A small external field results
in a reorientation of the magnetic domains within the material. Hard iron
materials have a high coercitivity HC , and even very strong external fields
cannot demagnetize these materials. Hard iron materials are used for per-
manent magnets.

More details on magnetism and magnetic materials can be found in [Coe01],
[Rip01] and [Tum11].

3.5.3 Geomagnetism and Indoor Magnetic Field

The Geomagnetic Field

One reason for the high value of employing magnetic fields for localization is
the ubiquitous presence of the geomagnetic field. At any place on the planet,
a magnetometer will return the local value of the field, indoors or outdoors,
day or night, summer or winter. The geomagnetic field is generated by the
motion of molten iron alloys in the Earth’s outer core [Cam01] and overlayed
with distortions stemming from atmospheric, intra- and extraterrestrial ef-
fects. In general, the earth can be modeled as a huge magnet, with its north
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pole close to the geographic north pole (the rotation axis) and the south pole
vice versa in the south (see Fig. 3.9).

Figure 3.9: Schematic Illustration of the Geomagnetic Field [Rei].

The field roughly points in the direction of geographic north, a fact that is
widely used in compass applications. As the magnetic poles are not exactly
co-located with the geographic poles, and local anomalies further distort the
field, there is usually an offset of the field’s horizontal component from true
north. This is called the declination. The vertical component changes as
well: The magnetic field points perpendicular to the earth’s surface near the
poles and parallel to it near the equator. The vertical offset is called the
inclination, or dip.

Global models exist for those values, for example the World Magnetic Model
(WMM) (see section C.1 for more background). Figures 3.10 (Declination)
and 3.11 (Inclination) show the WMM on a global scale. The maps show
lines of constant declination, called isogonic4, with the special case of zero
declination, called the agonic line (green line in Fig. 3.10). Equivalently, lines
of equal inclination are called isoclinic5, and the line of zero inclination, the
magnetic equator, is called aclinic (green line in Fig. 3.11). The declination

4From ancient greek isos (“equal”) and gonia (“angle”)
5From ancient greek isos (“equal”) and klino (“slope/tilt”)
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varies between ±10◦ at most inhabited places (with higher values closer to
the poles), while inclination ranges from 0◦ around the equator to ± 90◦ at
the poles. Approximate values of 2.7◦ declination and 64◦ inclination are
reported at the location of our lab facilities at the German Aerospace Center
(DLR) (48.08◦N, 11.28◦E) [FFB] where most of our experiments have been
conducted. Appendix A shows a list of all local values for our experimental
sites.

US/UK World Magnetic Model - Epoch 2015.0
Main Field Declination (D)

Map developed by NOAA/NGDC & CIRES
http://ngdc.noaa.gov/geomag/WMM
Map reviewed by NGA and BGS
Published December 2014

Main �eld declination (D)
Contour interval: 2 degrees, red contours positive (east); blue negative (west); green (agonic) zero line.
Mercator Projection.
      : Position of dip polesj
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Figure 3.10: Global Declination Map (WMM 2015) [WMMa].
See Fig. D.2 for a full page version.

The magnitude of the magnetic field vector also changes with location. On
the Earths surface the intensity of the geomagnetic field ranges approximately
from 25 µT in central South America to 65 µT south of Australia. Fig. D.4
shows a global map of the intensity. This magnitude change is largely influ-
enced by the composition of the earth’s crust at the place of observation.

The geomagnetic field not only changes with location, but also over time.
Different overlaying effects have an influence on this temporal variation. The
fastest changing distortions are solar storms that consist of large quantities of
charged particles traveling from the sun towards the earth, and interact with
the geomagnetic field that surrounds the planet. These storms can change
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US/UK World Magnetic Model - Epoch 2015.0
Main Field Inclination (I)

Map developed by NOAA/NGDC & CIRES
http://ngdc.noaa.gov/geomag/WMM
Map reviewed by NGA and BGS
Published December 2014

Main �eld inclination (I)
Contour interval: 2 degrees, red contours positive (down); blue negative (up); green zero line.
Mercator Projection.
      : Position of dip polesj

Figure 3.11: Global Inclination Map (WMM 2015) [WMMb].
See Fig. D.3 for a full page version.

the field by several tens of nT within tens of minutes, and it can take days
to get back to normal field levels. The maximal values observed during solar
storms can reach up to over 1000 nT, although high values like this are very
rare.

Slower changing but regularly occurring short-term variations are the so
called solar quiet-day variations (Sq). These are caused by a changing mag-
netic environment in the Ionosphere. The main source for these variations is
radiation from the sun that interacts with particles in the atmosphere and
creates ionized layers. The changing exposure towards the sun results in
daily and seasonal variations of these disturbances. The magnitude of the
temporal change is relatively small with daily fluctuations between 10 nT to
30 nT, see Fig. 3.12 for observatory data measured over a duration of one
month.

While short-term variations are caused by changes in the atmosphere and
ionosphere, some significant long-term variations originate inside the planet.
Changing currents of molten material change the geomagnetic field over time,
but this happens in geological time frames. This can for example be observed
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Figure 3.12: Monthly variation of the geomagnetic field strength in Fürsten-
feldbruck, Germany (02/2016) [FFB]. Scale in nT.

in the slowly moving poles. The North pole currently travels with a speed
of approximately 55 km per year [NOAa]. These effects have a significant
impact on the geomagnetic field. The direction and strength of the field
is continuously (but slowly) changing, so that models have to be regularly
updated. [USG] provides some interesting animations showing the shift of
the geomagnetic field parameters over the time range 1590 - 1990, see also
Fig. 3.13. An interactive map can be found at [NOAb]. Historically, the
geomagnetic field has completely switched its polarity roughly every 100.000
years, but the last switch occurred about 780.000 years ago [NAS].

The Indoor Magnetic Field

The ubiquitous geomagnetic field is further disturbed by man-made struc-
tures. In particularly, it is influenced by ferromagnetic materials that are
used in the construction of buildings - a comprehensive analysis of this prop-
erty can be found in [AFD+12]. In these structures, concrete (a mixture
of stones, sand, and cement) is combined with reinforcing steel (also called
rebar) as shown in Figures 3.14a and 3.14b.

While the magnetic properties of steel are generally governed by the effects
described in section 3.5.2, the specifics pertaining construction steel alloys,
their geometry and their detailed interactions with the magnetic field are
complex and beyond the scope of this work. It suffices to observe that in
most cases the presence of steel significantly distorts the local magnetic field.
The distortion is a function of the geometry of the steel and decreases with
distance from the steel structures. The largest distortions are close to the
ground in buildings using reinforced concrete or steel frames, or close to steel
structures like door frames. While these static steel structures are the dom-
inant contributor to distortions of the indoor magnetic field, other sources
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Figure 3.13: Change of geomagnetic declination from 1590 to 1990 [USG].

may include DC currents, permanent magnets or other metal objects with
ferromagnetic properties, like furniture or cars.

For our purposes we desire an accurate model of the distortions. The deriva-
tion of a large scale model of these distortions is problematic. While ana-
lytical or numerical computation of the magnetic field from the geometry,
material properties and magnetization of these objects is theoretically possi-
ble, it is not practical since typically none of the above is known. However –
as we show in this thesis – it is feasible to create this model through mapping,
inter- and extrapolation.

The intensity of distortions of the magnetic field close to ferromagnetic mate-
rials typically range from 0 µT to 120 µT (see also section 5.2), and can reach
up to several 100 µT. This is another reason that contributes to the value
of employing magnetic fields: the dynamic range of the distortions that we
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(a) Rebar before pouring of concrete (b) Detailed structure

Figure 3.14: The geometry of reinforcing steel structures in modern building
structures is intricate and creates complex distortions in the magnetic field.
The spatial frequencies of these distortions are closely related to the geometry
of the steel structures and generally have the same scale.

observe, which is the signal that we use, is much higher than any temporal
changes of the geomagnetic field causes by magnetic storms or daily fluc-
tuations. Most of the short-term temporal effects do not have a significant
influence on the applications in this work. Figure 3.15 compares the scales
of the different signal components. Nevertheless, the maps have to be con-
tinuously updated to adjust to changes in the local environment (furniture
and similar objects) and the slowly changing geomagnetic field.

For the purpose of this work we assume the geomagnetic field to be station-
ary over time and neglect any short-term variations, such as geomagnetic
storms or DC currents. We take into account large scale geographic devia-
tions, which are incorporated in the global magnetic models for the expected
geomagnetic field at a location that we use.

The following work does not distinguish between different sources and dis-
tortions of the magnetic field, we especially do not distinguish between the
original field and the distortions, but instead describe the resulting field as
one joint three-dimensional and static magnetic vector field: f : x ∈ R3 7→
B ∈ R3 that maps every spatial position x = [x, y, z]T to a field vector with
three orthogonal components B = [Bx, By, Bz]

T . We further assume that a
sensor exists that is defined by its sensing function fs : 〈B ∈ R3〉 7→ zB ∈ R3

that maps the field vector at the sensors position and attitude ps to a sen-
sor reading zB = [zBx , z

B
y , z

B
z ]T . Magnetic sensors are described in the next

section.
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Figure 3.15: Comparison of the scales of different magnetic variations. The
signal caused by building materials is orders of magnitude stronger than
short-term temporal and geographic variations of the geomagnetic field.

3.5.4 Measuring Magnetic Fields

Sensor types

Magnetic sensors can be grouped in two main categories: intensity and vec-
tor based sensors. While an intensity based sensor can only measure the
total intensity of the magnetic field at a given point, a vector based sensor
can measure the field strength oriented along a spatial axis. Three of these
sensors can be combined perpendicularly to each others, which enables the
measurement of all three components of the field. The Ørsted satellite for
example uses a high-accuracy intensity sensor combined with a lower accu-
racy three-dimensional sensor [NPP+95], [DBB+95].

The oldest sensing apparatuses are based on a magnetic material which
aligns itself with an existing outer magnetic field. Although these meth-
ods are historically important, modern sensors are predominantly based on
electromechanical and electronic technologies, and we only consider those in
this section. Information in this section is largely based on Tumanski’s Hand-
book of Magnetic Measurements [Tum11] and Ripka’s Magnetic Sensors and
measurements [Rip01].

Induction Sensors are the simplest and oldest form of an electrical mag-



44 CHAPTER 3. THEORETICAL BACKGROUND

netic sensor. A change of the magnetic flux in a coil can be measured via
the induced voltage Vi ∝ dΦ/dt, see also Eqn. 3.16. With this type of sensor
only changes of the magnetic field can be measured, but this is possible on
a very wide range of field strengths. The change can be caused by a direct
change in the field B(t), for example in search coils that are moved across
an area of interest, or indirectly via a change in the area A in the coil that
is oriented perpendicular to the field, for example in rotating sensors.

Fluxgate Sensors are based on on the fact that the hysteresis curve of
a soft magnetic material is nonlinear and symmetrical (see section 3.5.2, Fig.
3.8). The material is exposed to an artificial, periodically changing magnetic
field that is strong enough to saturate the magnetization (thus the nonlinear-
ity). Without an external field the signal is symmetric. If an external field
is present, the curve becomes asymmetrical which can be easily measured,
see Fig. 3.16a. Fluxgate sensors can measure the magnetic field in a range
of approximately 10−10 to 10−4 T. They work well at low frequencies, are
temperature stable, and the best choice when very high resolution in the nT
range is required [Rip01].

Magnetoresistive Sensors work on the principle that the resistances of
certain materials change in an external magnetic field. Most common types
are Anisotropic Magnetoresistive (AMR) and Giant Multilayer Magnetore-
sistance (GMR) sensors. They can be manufactured at lower cost than a
fluxgate sensor.

Hall Effect Sensors use the Lorentz Force (see equation 3.17), which oc-
curs when electrically charged particles flow through a magnetic field. This
force results in a voltage UH perpendicular to the direction of movement of
the particles and perpendicular to the magnetic field (see Fig. 3.16b). Hall
sensors are widely used in mobile devices, like the Bosch BMM150 [ ] or the
Asahi Kasei AK8975. They are cheap and can easily be produced in high
quantity.

Sensor Impairments

A magnetic sensor is subject to different effects which influence its readings.
These are hard and soft iron effects, scale factor errors, misalignment and
cross-coupling errors as well as thermal sensor noise, which we will describe
in the following. First we will describe hard and soft iron effects. While
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(a) Fluxgate sensor: the secondary cir-
cuit measures assymetries between the
two core magnetic fields.
Source: Pdornel/Wikimedia

UH

IFL

B

(b) Hall effect: the Lorentz force FL de-
flects electric charges that run through a
magnetic field B, resulting in an electric
potential UH that can be measured.

Figure 3.16: Mechanisms used in different types of magnetic sensors.

the term originates from material characteristics (see section 3.5.2), it is also
used for other errors that can be modeled in the same way and thus are often
included in these terms.

Hard iron effects occur due to magnetic fields created by objects (for exam-
ple magnets or magnetized steel, “hard iron” materials with high coercitivity
HC), in the vincinity of the sensor. These external fields are overlayed on
the field to be measured and usually stem from components co-located to
the magnetic sensor on a circuit board. In a mobile phone for example, the
strongest source of magnetic distortions is the speaker, and bad placement
of the components can have a huge impact on the hard iron bias. Hard iron
effects are time invariant as long as the magnetized material is in a fixed
position relative to the magnetic sensor, and so can be modeled as a static
offset bB ∈ R3 on the sensor’s axes. Another factor that can be grouped into
this category, is an offset caused by a magnetic field that is present during
factory calibration of the sensor.

Soft iron effects are caused by (mostly ferromagnetic) materials with low
coercitivity HC , that interact with external magnetic fields and cause distor-
tions. The magnetization of the material is proportional to the external field
and modeled in the magnetic suszeptibility χ. This is only an approximation
of a non-linear process and does not suffice if hysteresis is present, but this
can normally be neglected. If these materials are part of the device itself, the
soft iron effect can be modeled as linear scale factors represented in a scale
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factor matrix Sb ∈ R3×R3. Gain errors on the sensor’s axes can be included
in the soft iron error.

Additional effects are misalignment and cross-coupling of the sensor’s
axes. Misalignment can occur between the sensor’s axes or between the sen-
sor and its reference platform. The effects can be modeled in a cross-coupling
error matrix C and a non-orthogonality matrix N. Throughout the remain-
der of this work we do not take into account misalignment and cross-coupling
errors as they do not have a significant impact for the sensors we use and
the measurement accuracy that we are interested in. We include them in
the general measurement noise bn. Temperature dependent effects are not
discussed in this work.

We include all effects in the measurement model

bm = S bt + bB + bn (3.22)

with scale factor error matrix S, static offset vector bB, noise vector bn and
the true magnetic field bt, which has been rotated from the world frame W
to the sensor frame S:

bt = bS = RS
PRP

WbW (3.23)

bB =

 Bx

By

Bz


S =

 Sxx 0 0

0 Syy 0

0 0 Szz



Calibration

To be able to use the measurements of a magnetic sensor, it has to be cal-
ibrated. Usually a factory calibration is performed, but the placement of a
sensor within the device or platform, changing magnetization of components
and other factors create the need for additional calibration at the time of
usage. This can be done either on the device at runtime, or later during
post-processing for experiments or backend processing.
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If the magnetic field is constant and known, a magnetic sensor can be cal-
ibrated by changing its attitude within the field and comparing the mea-
surements with the known reference field. For airplanes and other vehicles, a
procedure called “swinging” is employed, which levels and rotates the vehicle
into known headings. For smaller devices, a full three-dimensional rotation
can be employed. The measurement can then be applied to an ellipse fit
algorithm (see below). This kind of calibration algorithm requires a known
field and control over the attitude of the sensor to be able to be able to
achieve measurements on a representative set of sensor attitudes. If the ex-
ternal field is not known, the field is not stable or - as usually in the case of
mobile devices - the attitude or position of the sensor can not be controlled,
other calibration algorithms have to be applied. For this it is very useful that
magnetometers are often co-located with accelerometers and gyroscopes, and
their measurements can also be taken into account. A rotational change af-
fects the signals from all three sensors, and the rotation rate measurements
of the gyroscope and the gravity component in the acceleration signal can be
used to correct the magnetic field measurements.

Ellipse fit algorithm
The ellipse fit algorithm makes use of the fact that the measurements of a ro-
tated and correctly calibrated sensor lie on a sphere, if measuring a constant
field. The radius of the sphere is equal to the field strength. Calibration
errors result in a distortion of the sphere: bias (hard iron) errors result in a
shift from the origin, while scale factor errors distort the sphere towards an
ellipsoid. Figure 3.17 illustrates the principle for two dimensions. By fitting
an ellipse to a set of measurements from the sensor to be calibrated, the
biases and scale factors can be estimated.

We use a reduced version of the ellipse fit algorithm in our experiments
to estimate the sensor biases (see section 5.1.2).
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Figure 3.17: 2D ellipse fit with offset vector b and scale factor matrix S.

3.6 Summary

This chapter provided the theoretical background for this thesis. We started
by introducing terms and definitions that are used throughout this work.
We defined the concept of a pose and described its relation with different
coordinate systems. We then familiarized the reader with different basic
localization methods, focusing on dead reckoning and fingerprinting. The
combination of these two methods is the basic principle that this thesis is
built upon, by fusing measurements of odometry and the magnetic field in a
probabilistic estimator. We continued by introducing the models and algo-
rithms used in this estimator. We described recursive Bayesian estimation
and its ability to track a state over time, followed by a specific realization in
a Sequential Monte Carlo Filter (SMCF), also called particle filter.

We then provided a detailed analysis of the main subject of our observations,
the magnetic field. We put special emphasis on the properties of the geomag-
netic field and its interaction with building materials, and showed that the
distortions created by these static structures are much stronger than other
naturally occurring changes of the field, making them a great candidate for
a spatial reference signal in localization systems. Closing the section about
the magnetic field, we outlined methods to measure it and described the cal-
ibration routines we applied during our experiments.

In the next chapter, we will apply the theoretical concepts to the specific
problem set of this thesis, and develop novel probabilistic algorithms for
magnetic mapping, localization and SLAM. We develop implementations of
an SMCF for the use cases of magnetic localization and SLAM and the spe-
cific data types that we use.



Chapter 4

Novel Probabilistic Estimation
Algorithms

We start this chapter with the formulation of the problem statement of this
thesis. We base our approach on the Bayesian formulation of the problem,
which was introduced in section 3.4. In that section, we described the esti-
mation of a state X over time. We now focus on the estimation of the pose
and related properties over time, and call the state variable P.

In the remainder of this thesis, we distinguish between three different use
cases. These are based on which knowledge of the different random variables
is given a priori, and which part needs to be estimated. We will subsequently
look at mapping (with given location), localization (with given map) and the
combination simultaneous localization and mapping (SLAM; neither location
nor map given). First, our goal is to create a magnetic map in our lab space
by using a high-accuracy motion capture system to localize the measurements
(first use case - mapping). This map can be used to analyze the properties
of the magnetic field, and as input to the second use case. Here we use the
high-accuracy map to localize a subject - pedestrian or robot - within the
mapped area (second use case - localization). Finally, we extend our algo-
rithms to work without a given map, to be able to work in areas without a
mapping infrastructure, and perform mapping and localization at the same
time in the third use case - SLAM. This structure is also reflected in the
experiments we describe in chapter 5.

The problem statements for the three use cases are defined as follows:

1. Mapping: Given an accurate estimate of ground truth positions ZP
1:t

and associated magnetic sensor measurements ZB
1:t, estimate the time-

49
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invariant map of the magnetic field p(B | ZP
1:t,Z

B
1:t).

2. Localization: Given some form of odometry ZU
1:t, associated magnetic

field measurements ZB
1:t and a map of the magnetic field B, estimate

the subject’s location p(P0:t | ZU
1:t,Z

B
1:t,B).

3. SLAM: Given no prior map of the field, additionally estimate the map
of the magnetic field in parallel: p(P0:t,B | ZU

1:t,Z
B
1:t).

Our approach is agnostic to the source of the odometry, but we are espe-
cially interested in wheeled and legged locomotion. Since this odometry is
affected by noise, but is still informative, it lends itself to serve in the pre-
diction step of a Bayesian filter. We believe that this approach is justified
in the context of robotic and pedestrian odometry because, conditioned on
knowledge of the error state of the odometry such as angular drift, predic-
tion error of the displacement vector between two human steps is typically
on the order of a centimeter [ARKK10]. This is the same order of magnitude
as the expected discrimination of the magnetic field likelihood function per
measurement [AFD+12], which follows the prediction. The hypotheses are
evaluated in the update step of the filter with respect to how well the actual
measurements of the magnetic sensor matches the values in the map at the
predicted location or pose in the magnetic map. Since the likelihood function
formed by the magnetic map and the measurement is strongly multi-modal,
we have chosen a sequential Monte Carlo (“particle”) filter with systematic
resampling [AMGC02] to reflect this multi-modality.

We will now describe the specifics of pose, odometry and map representations
used in this thesis, followed by the development of estimation algorithms for
the three problem sets.

4.1 Specific Pose and Odometry

Without loss of generality, we limit the analysis in this work to the horizontal
plane. This plane can be set at different heights, we chose it to be close to
the ground for our pedestrian and robot-based measurements, but it could
also be located on the hip level for measurements performed on a mobile
device. While the platform, and with it the sensors, are not moved on a
perfect plane, we consider the vertical translatory motion (e.g. during the
stride of the foot) as negligible. An experiment that explored the field in a
more extended three-dimensional volume can be found in section 5.2.3.
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Concerning rotation of the sensor, we distinguish two cases:

1. Rotation can be neglected if only scalar fields are observed, for example
the magnetic intensity. In this case sensor measurements need to be
rotation-invariant, which requires good calibration of a magnetometer.

2. A full three-dimensional rotation estimate at the rate of magnetic mea-
surements is required to measure the full vector field.

Rotation estimates can be reduced to heading (also called yaw, see Fig. 4.1)
if we use a platform that can only rotate around its vertical axis, thus has a
static orientation towards the horizontal plane, and has the sensor attached
to it in a fixed and known position. In this case roll and pitch are constant
with regards to the world frame. This is the case in our robotic experiments.

Yaw Axis
Roll Axis

Pitch Axis

Figure 4.1: Definition of roll, pitch and yaw axes.

We use a similar model for the pedestrian odometry. The legged odometry
described in section 3.3.1 provides us with a full 6-DOF estimate. While the
heading component of this estimate has a significant error, the roll and pitch
angles can be estimated with high accuracy in combination with acceleration
measurements and the gravity vector. This allows us to encapsulate the roll
and pitch components of the rotation in the transformation between sensor-
to platform frame RS

P and assume that the platform frame is always oriented
in alignment with the world frame, except for an unknown heading offset.
Doing so, we reduce the required estimation of the rotation to the transfor-
mation between platform frame and world frame RP

W , which only consists of
the heading.
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For both odometry inputs, the location state P we are interested in is reduced
to three dimensions, meaning that the subject’s pose pt at time step t is a
random variable that takes values from the two-dimensional Euclidean space
with corresponding heading. We can express the translation as a sequence
of step offsets, with ∆pUt ∈ R2 and ∆ΘU

t ∈ [±π] denoting the translational
and rotational (heading) change, derived from the odometry measurement
ZU
t , for all times t, defined in the world frame.

4.2 Map Representations

As we are focusing on the horizontal plane, we only need to consider two-
dimensional representations of the magnetic map1. For this work we chose
to use a grid based representation, binning the data into a predetermined
fixed grid structure. This grid is composed of squares (in the mapping and
localization algorithms and hexagons in the SLAM algorithm. We model the
local magnetic field measured at any location within a bin to be a random
variable following a Gaussian distribution. We have chosen to adopt such
a binning approach in order to maintain constant time computational and
memory complexity per time step of the algorithm, even as the number of
measurements taken in the area increases.

To determine the bin associated with a given position, we define an index
function fi that maps every two-dimensional position p to a two-dimensional
index i which addresses the corresponding bin.

fi : p ∈ R2 7→ i ∈ Z2 (4.1)

We also assume that measurements taken from neighboring grid cells are
uninformative in predicting the local field in a cell, conditioned on the mea-
surements taken in the cell itself. We can argue that such a conditional
independence assumption is more likely to be valid once sufficient local mea-
surements are available. During the mapping phase, we have full control over
the sensor and can ensure a regular sampling of the target area resulting in
equally filled bins. In our SLAM implementation we make use of the hier-
archical multi-layer grids to address this situation in a pragmatic manner as
discussed below.

We assume that the mean and variance of the magnetic field’s assumed

1Note that the magnetic data in the map can still have three dimensions.
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Gaussian distribution are a-priori not known with certainty, but that they
are constant within a fixed area in the plane. It is important to note that
introducing this variance weakens our future belief about the magnetic field
intensity conditioned on previous local measurements. But estimating the
mean and variance from a very large number of measurements in a large lo-
cal region will eventually capture the possible variations of the field intensity
measurements within this area and provide localization information when
many such regions are visited.

4.2.1 Square Grid Map

For mapping and localization, we separate the area into a simple grid of
squares of edge length l. The indexing function fi is then defined as

fi(p) :=

[
bpx/lc
bpy/lc

]
(4.2)

The information of the magnetic vector components is separated into distinct
maps, each representing one dimension of the magnetic field vector.

4.2.2 Spatially Binning Magnetic Field Measurements

Following [RFA+13], we use a different approach in the SLAM experiments.
For a given time t, we can spatially bin the previous magnetic field measure-
ments ZB

1:t−1 based on their co-located poses, P1:t−1, and show the existence
of sufficient statistics to describe the magnetic field measurement’s posterior
predictive p(ZB

t |P0:t,Z
B
1:t−1).

Consider a single bin that spatially encompasses the current pose Pt. We
only use an intensity (one-dimensional) map and assume all magnetic field
measurements taken within this bin follow a normal distribution with a con-
stant mean µ ∈ R and precision2 λ ∈ R>0. We assume a prior distribution
on the mean µ and precision λ that jointly follow the conjugate prior of a nor-
mal distribution, i.e., a normal-gamma distribution NG(µ, λ|µ0, κ0, α0, β0)3

with µ0, α0, β0, κ0 ∈ R≥0 being prior hyper-parameters [Mur07] that depend
on the size of the bin.

Given a subsequence of independent magnetic field measurements Zt−1 ⊂
ZB

1:t−1 taken within the bin of interest, the posterior mean and precision also

2Precision is defined as the reciprocal of the variance.
3Details about the probability distributions used here can be found in Appendix B.
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jointly follow a normal-gamma distribution [Mur07]. Thus, the resulting
posterior predictive p(ZB

t |P0:t,Z
B
1:t−1), which is the probability of observ-

ing a new observation ZB
t given all previous observations, is a Student’s t-

distribution T whose number of degrees of freedom increases with increasing
size |Zt−1| of the measurement subsequence (see Appendix B.2). By assum-
ing a high degree of homogeneity of the statistics characterizing the magnetic
environment within the bin and independence from the environment outside
of the bin, we can write the magnetic field intensity measurement’s posterior
predictive as

p(ZB
t |P0:t,Z

B
1:t−1) =

T2·αt−1

(
ZB
t |µt−1,

βt−1 · (κt−1 + 1)

αt−1κt−1

)
, (4.3)

given the subsequence Zt−1 of magnetic field measurements and the param-
eters

µt−1 =
κ0µ0 + |Zt−1|z̄t−1

κ0 + |Zt−1|
,

κt−1 = κ0 + |Zt−1|,

αt−1 = α0 +
|Zt−1|

2
,

βt−1 = β0 +
1

2

(
|Zt−1|st−1 +

κ0|Zt−1|(z̄t−1 − µ0)2

κ0 + |Zt−1|

)
, (4.4)

where z̄t−1 and st−1 are the mean and variance, respectively, of the measure-
ments Zt−1 [Mur07]. It is important to emphasize that we are not assuming
a constant magnetic field strength across the bin, but instead asserting that
the magnetic field measurements follow a normal distribution. The bin’s
posterior joint distribution is NG(µ, λ|µt−1, κt−1, αt−1, βt−1). Also note that
to compute (4.3) we only need to store and recursively update z̄t−1, |Zt−1|
and sk−1.

4.2.3 Hierarchical Grid Layers

In representing the magnetic field map in a spatial grid, we face two opposing
objectives. Firstly, we would like to make the bins sufficiently small so as to
accurately capture the local field, i.e., high precision in (4.3). On the other
hand our estimation process evolves over time and in the early phase smaller
bins will be sparsely sampled. Furthermore, we might suffer the risk that
particles might tend to “snap” onto bins which they have previously visited.
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To address this, we have chosen to employ a hierarchal set of bin layers in
the SLAM case [RFA+13]. The larger bins will capture measurements more
quickly and can be used to provide localization in the earlier phases of ex-
ploring an area. Small grids are populated more sparsely, but as soon as a
bin carries sufficient measurements (see below) it will be used in the particle
filter weight update.

Pose	  
Indoor	  environment	  

First	  grid	  

Third	  grid	  

Second	  grid	  

(3,1)	  

(3,2)	  
(3,3)	   (3,5)	  
(3,4)	   (3,6)	  

Hierarchical	  magne@c	  
field	  map	  of	  regular	  grids	  

Figure 4.2: Hierarchical bin map as introduced in [RFA+13]. c©IEEE 2013

Our specific approach is fairly simple: we maintain B, a hierarchical map
composed of G regular grids, where each grid g ∈ {1, . . . , G} is composed
of hexagonal bins of radius rg with r1 < · · · < rG (see Fig. 4.2). Let each
bin in each grid g be indexed by the pair (g, h) with h ∈ Z>0, and let
µ[g,h] and λ[g,h] denote the mean and precision, respectively, of the mea-
surement’s distribution within this bin. For each grid g, all bins (g, h)
are of equal size and thus have a common prior for the joint distribution
NG(µ[g,h], λ[g,h]|µ[g]

0 , κ
[g]
0 , α

[g]
0 , β

[g]
0 ). This implies the magnetic field measure-

ment’s posterior predictive

T [g,h](ZB
t ) := T

2·α[g,h]
t−1

(
ZB
t |µ[g,h]

t−1 ,
β

[g,h]
t−1 · (κ[g,h]

t−1 + 1)

α
[g,h]
t−1 κ

[g,h]
t−1

)

follows (4.3), given the subsequence Z [g,h]
t−1 ⊂ ZB

1:t−1 of magnetic field measure-
ments taken within the bin (g, h), with all parameters introduced in (4.4) as
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well as the indexed map statistics z̄
[g,h]
t−1 , s

[g,h]
t−1 , and |Z [g,h]

t−1 |. Note that the
current pose Pt corresponds to exactly G bins.
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4.3 Mapping

The first use case we are looking at is the mapping problem. As stated at
the beginning of this chapter, the goal in this section is as follows:

Given an accurate estimate of ground truth positions ZP
1:t and associated

magnetic sensor measurements ZB
1:t, estimate the time-invariant map of the

magnetic field p(B | ZP
1:t,Z

B
1:t).

For the mapping problem we assume that we are given accurate position
and magnetic field measurements. Fig. 4.3 shows the DBN for the mapping
problem. We ignore the odometry in this case, and solely use the given pose
measurements. Thus, our input data consists of a set of given “perfectly”
known poses ZP

1:t, with associated magnetic field measurements ZB
1:t. We

simply bin all measurements into the respective grid map bins given their
associated positions. We assume the distribution of measurements within a
bin follows a normal distribution (see section B.1 in the appendix). We set
the variance σ2 to be fixed based on the bin size, independent from the bin
number, and use the measurements to determine the mean µ, which is stored
in the map B. Experimental results for the mapping case can be found in
section 5.2.
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t− 1 t t+ 1

ZP ZP ZP

P P P

U U U

ZU ZU ZUZB ZB ZB

E E E

B

Figure 4.3: Dynamic Bayesian Network (DBN) with magnetic environment
map B and ground truth position ZP modeling the mapping phase.

4.4 Localization

The second use case, localization on a given map, is defined as follows:

Given some form of odometry ZU
1:t, associated magnetic field measurements

ZB
1:t and a map of the magnetic field B, estimate the subject’s location

p(P0:t | ZU
1:t,Z

B
1:t,B).

4.4.1 Derivation of the Bayesian Estimator

Suppose we are given a source of odometry U with associated odometry
measurement ZU and a co-located source of local magnetic field measure-
ments ZB. Assuming a time-stationary magnetic map B, we are interested
in determining their joint posterior

p({P U E}0:t|{ZU ZB}1:t,B) (4.5)

with the state sequence {P U E}0:t conditioned on the measurement sequence
{ZU ZB}1:t. Here Ut is the true pose change, Et is the accumulated odom-
etry error, ZU

t is the odometry measurement, and ZB
t is the magnetic field

measurement at time t (see also Fig. 4.4).
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t− 1 t t+ 1

P P P

U U U

ZU ZU ZUZB ZB ZB

E E E

B

Figure 4.4: Dynamic Bayesian Network (DBN) with magnetic environment
map B for the localization phase.

As mentioned before, we focus on the two-dimensional localization problem,
meaning that the subject’s pose Pt at time step t ∈ Z≥0 is a random variable
that takes values from the two-dimensional Euclidean space with correspond-
ing heading.

We use the map to determine the likelihood p(ZB
t |Pt) for the update step of

the Bayesian filter implementation that follows.

4.4.2 Sequential Monte Carlo Implementation

We are implementing the Bayesian estimator using a sequential Monte Carlo
approach, namely a particle filter. Consider a population of Np particles
indexed by i ∈ {1, . . . , Np}. Each particle has a corresponding pose (p[i],Θ[i]),
heading drift rate τ [i], and weight w[i].

Proposal function

The population of Np particles explores the state space of the odometry errors
(both colored heading drift and white noise components) and the particle
pose (x[i],Θ[i]) is updated accordingly. The heading drift τ follows a simple
random walk process with additive zero mean Gaussian noise with a standard
deviation that is proportional to the square root of the time increment ∆t.
The particle states are initialized according to Algorithm 2 and the proposal
function is defined in Algorithm 3.
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Algorithm 2 Particle filter initialization for Localization
1: Initialization
2: Number of particles Np
3: Initialize parameters according to table 4.1
4: for each particle i do
5: Position p[i] ← StartPosition ∈ R2

6: Heading Θ[i] ← U(−π, π)
7: Drift rate τ [i] ← N (0, στ0)
8: Particle weight w[i] ← 1
9: end for

Algorithm 3 Particle filter proposal for Localization
1: Proposal Step
2: State x[i] = [p[i],Θ[i], τ [i]]
3: Odometry measurement zU = [∆t,∆ΘU ,∆pU ]
4: for each particle i do

5: ∆p[i] ←
[

cos Θ[i] − sin Θ[i]

sin Θ[i] cos Θ[i]

]
·∆pU

6: ∆Θ[i] = ∆ΘU

7:
8: τ [i] ← τ [i] +N (0, στ ·

√
∆t)

9: Restrict τ [i] to range [−τsat . . . τsat]
10:
11: ∆Θ[i] ← ∆Θ[i] + τ [i] ·∆t
12:
13: Θ[i] ← Θ[i] + ∆Θ[i] +N (0, σΘ ·

√
∆t)

14: p[i] ← p[i] + ∆p[i] +N2(0, σpos ·
√

∆t)
15: end for
16: return state x[i]

Weight Computation

We now discuss three different variants of the likelihood function, each of
which uses the magnetic field measurement ZB

t to update the weights of the
Np particles at time t. Note that this update step of the Monte Carlo filter
is invoked only for particles that reside within the mapped area, i.e., in the
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Initialization στ0 = 0.15 ◦/s

White noise στ = 0.01 ◦/
√

s σpos = 0.2 m/
√

s σΘ = 0.6 ◦/
√

s

Weighting (intensity) σwint,1
= 15 µT σwint,2

= 17 µT m = 0.5

Weighting σwh/v
= 25 µT σwvect = 25 µT wmin = 0.01

Resampling threshold fNeff
= 0.5 (fraction of N eff)

Table 4.1: Parameter set used in the particle filter during the Localization
experiments.

domain of B. The update and resampling steps of the particle filter are
defined in Algorithm 4.

Magnetic Field Intensity (1D) The first likelihood function variant em-
ploys the difference between the magnitudes of the magnetic field vectors
ZB
t and B[i]. More specifically, the difference between the Euclidean norms

(i.e., ‖ZB
t ‖2 − ‖B[i]‖2) is used to generate a measurement likelihood from a

Gaussian mixture model (GMM). This GMM consists of two fixed variance
Gaussian distributions, the first being a narrow distribution and the other a
wide one, scaled by the parameter m ∈ [0, 1] (see Alg. 4). The measurement
likelihood is bounded from below by a fixed value before updating the weight.

Vertical and Horizontal Magnetic Field Components (2D) The sec-
ond likelihood function variant employs the difference between the vertical
magnetic field components ZBz

t and B
[i]
z , as well as the difference between the

magnitudes of the horizontal magnetic field components ZBh
t := (ZBx

t ,Z
By
t )

and B
[i]
h := (B

[i]
x ,B

[i]
y ). This variant exploits the strength and stability of

the local gravity vector, since the tilt angle of the subject can be determined
with good accuracy if the source of odometry measurements comes from an
inertial-based sensor. Once the tilt angle is known, the vertical difference
ZBz
t −B

[i]
z and the horizontal difference ‖ZBh

t ‖2 − ‖B[i]
h ‖2 can be each calcu-

lated to generate a likelihood from Gaussian distributions of fixed variance.
In this experiment we use the same variance for both components. The
(bounded) product of these likelihoods forms the measurement likelihood
used to update the weight of the particle.

Magnetic Field Vector (3D) The third likelihood function variant em-
ploys element-wise differences between magnetic field vectors ZB

t and B[i].
More specifically, the elements of the vector ZB

t −B[i] are each used to gener-
ate a likelihood from the same Gaussian distribution of fixed variance. The
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product of these likelihoods is again bounded from below by a fixed value to
form a measurement likelihood used to update the weight of the particle.

Algorithm 4 Particle filter update and resampling for Localization
1: Update and Resampling Step
2: for each particle i do
3: if position x[i] is within the mapped area then
4: if using Magnetic Field Intensity (1D) then
5: ∆ = ||zB || − ||B[i]||
6: w1 = m · exp(−0.5 ·∆2/σ2

wint,1
)

7: w2 = (1−m) · exp(−0.5 ·∆2/σ2
wint,2

)

8: w[i] = w[i] ·max(w1 + w2, wmin)
9: else if using Ver./Hor. Magnetic Field Components (2D) then

10: ∆v = zBz −B[i]
z

11: ∆h = ‖zBh‖2 − ‖B[i]
h ‖2

12: wj = exp(−0.5 ·∆2
j/σ

2
wh/v

), j ∈ {v, h}
13: w[i] = w[i] ·max(wv · wh, wmin)
14: else if using Magnetic Field Vector (3D) then
15: ∆ = zB −B[i]

16: wj = exp(−0.5 ·∆2
j/σ

2
wvect

), j ∈ {x, y, z}
17: w[i] = w[i] ·max(wx · wy · wz, wmin)
18: end if
19: end if
20: end for
21: Normalize particle weights; Compute N eff according to (3.10)
22: if N eff < fNeff

·Np then
23: Resample with systematic resampling [AMGC02]
24: end if
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4.5 Simultaneous Localization and Mapping

In the previous section, we performed localization on a given map. This re-
quires the availability of such a map, but it is not always feasible to invest
the effort to survey such a map. Simultaneous Localization and Mapping
(SLAM) is an approach that can be used in these cases. It extends the state
that is estimated to include a map component, and simultaneously localizes
the moving subject and constructs a map of its surrounding indoor environ-
ment.

The estimation problem can now be defined as follows: Given some form
of odometry ZU

1:t and associated magnetic field measurements ZB
1:t, estimate

the subject’s location P0:t and the map of the magnetic field B in parallel:
p(P0:t,B | ZU

1:t,Z
B
1:t).

This section is based on the algorithm originally published in [RFA+13]. It is
an extension of the FootSLAM framework [AR12] and uses the same theoreti-
cal model and implementation. In this section we only use the intensity-based
representation of the magnetic field. Utilizing the full vector for the SLAM
case is left for future work.

In order to achieve an efficient map representation for the magnetic field,
the spatially binned map used in the FootSLAM algorithm is extended by
a hierarchy of magnetic field bins with different sized hexagonal cells (see
section 4.2.3). Each cell contains sufficient statistics of the local magnetic
field intensity which we assume to follow a normal distribution with unknown
mean and variance within that bin. When we apply a normal-Gamma con-
jugate prior for the magnetic field strength distribution for each bin, we find
that each particle’s map provides a posterior predictive that follows a stu-
dent T-distribution. We use this predictive to weight a particle based on
the current measurement. The local magnetic map of the particle is then
updated to incorporate this measurement.

4.5.1 Derivation of the Bayesian Estimator

In addition to the time-stationary magnetic environment map B, we also
assume a time-stationary physical environment map M, as introduced in
FootSLAM. We follow the notation introduced in section 3.4.5 and are inter-
ested in determining the joint posterior

p({P,U,E}0:t,M,B|{ZU ZB}1:t) (4.6)
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with the state sequence {P U E}0:t conditioned on the measurement sequence
{ZU ZB}1:t, where Ut is the true pose change, Et is the accumulated odom-
etry error, ZU

t is the odometry measurement, and ZB
t is the magnetic field

measurement.

Given a magnetic field measurement sequence ZB
1:t generated by the mag-

netic environment, the FootSLAM problem is extended by a “MagSLAM”
aspect [RFA+13]. More formally, we wish to solve

p({P U E}0:t,M,B|{ZU ,ZB}1:t) =

p(M|P0:t) · p(B|P0:t,Z
B
1:t) · p({P U E}0:t|{ZU ,ZB}1:t).

From the DBN shown in Figure 4.5, we can recursively write the last term
as

p({P U E}0:t|ZU
1:t,Z

B
1:t) ∝ p(ZU

t |{U E}t) · p(Et|Et−1)

· p(ZB
t |P0:t,Z

B
1:t−1) · p({P U}t|{P U}0:t−1)

· p({P U E}0:t−1|{ZU ,ZB}1:t−1),

which is of similar form to the original FootSLAM term in (3.12) except
for the addition of the magnetic field measurement’s posterior predictive
p(ZB

t |P0:t,Z
B
1:t−1) at the object’s location Pt. Note that this prior also factors

in the magnetic field measurement sequence and subject pose sequence up to
and including the time step t− 1, where the measurements ZB

1:t−1 were taken
at the co-located poses P1:t−1.

4.5.2 Sequential Monte Carlo Implementation

The basic structure of the particle filter implementation is the same as in the
localization case, with some modifications to better perform in the SLAM
case [RFA+13]. The particle filter is initialized according to Algorithm 5. In
the SLAM case we create a local map without external reference, thus we
start at the origin of the local frame and the heading is initialized in one
common direction. This results in a rotational ambiguity when referencing
to the world frame, which we assume can be resolved in a separate step,
but is outside the scope of this analysis. The results in chapter 5 have been
rotated and scaled manually to fit the underlying building maps.
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Figure 4.5: Dynamic Bayesian Network (DBN) with physical environment
map M and magnetic environment map B (based on Fig. 3.7) [RFA+13].
c©IEEE 2013

Proposal Function

Algorithm 6 defines the core proposal function that has been stripped of some
functionality which is used to cope with real data, but is not essential for the
understanding of the algorithm. The following changes have been added to
the algorithm for the SLAM case, compared to pure localization:

1. We are employing two heading drifts that when summed are applied to
the heading update: a slow process τ

[i]
s and a fast one τ

[i]
f . As before,

they both follow a simple random walk process with additive zero mean
Gaussian noise with a standard deviation that is proportional to the
square root of the time increment ∆tc.

2. A time-dependent fraction fNeff
of randomly selected particles is sub-

jected to a larger time random angular “jump”.

Some limits which are applied to the effective time increment and the use of
various requirements on the displacement of the odometry step are introduced
to cope with pathological odometry data, and situations where the odometry
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Algorithm 5 Particle filter initialization for SLAM
1: Number of particles Np
2: Initialize parameters according to table 4.2
3: for each particle i do
4: {usually start pose at coordinate system origin}
5: Position p[i] ← StartPosition ∈ R2

6: Heading Θ[i] ← StartHeading

7: Slow Drift τ
[i]
s ← N (0, στs0 )

8: restrict τ
[i]
s to range [τsmin

, τsmax ] ◦/s

9: Fast Drift τ
[i]
f ← N (0, στf0 )

10: restrict τ
[i]
f to range [τfmin

, τfmax ] ◦/s

11: Particle weight w[i] ← 1

12: Particle interim weight w′
[i] ← 1; N

[i]
w ← 0

13: Cumulative odometry distance O
[i]
c ← 0

14: end for
15: {initialize reference values for proposal function thresholds}
16: tc, tw, ta ← 0
17: ∆pc,∆pw,∆pa ← 0

is more or less stationary for longer periods of time; they are reproduced for
completeness but are not essential to understanding the algorithm. They
have been chosen based on processing extensive data from foot mounted
IMU odometry, including long situations where the user was standing around
causally, and some situations where the zero velocity update would slowly
increment the odometry for some time, despite a resting foot. Algorithm 7
defines the full proposal function including several threshold values for time
and position offset. The thresholds are defined in table 4.2. In addition to
the core algorithm,

1. The angular jump (line 36) is performed after every resampling or if
∆tamin

= 3 s have elapsed (line 16).

2. We process the estimator with odometry and magnetic field measure-
ments after the trajectory computed by the INS has changed by 0.1 m.
During stance phases with no significant movement we report odometry
based on a temporal threshold, and process a particle filter iteration
every second.
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Algorithm 6 Particle filter proposal for SLAM (Core)
1: Proposal Step (Core)

2: State x[i] = [p[i],Θ[i], τ
[i]
s , τ

[i]
f ] for each particle i

3: Odometry measurement zU = [∆t,∆ΘU ,∆pU ]
4:
5: for each particle i do

6: ∆p[i] =

[
cos Θ[i] − sin Θ[i]

sin Θ[i] cos Θ[i]

]
·∆pU

7: ∆Θ[i] = ∆ΘU

8:
9: {propose colored odometry error states}

10: Slow Drift τ
[i]
s = τ

[i]
s +N (0, στs ·

√
∆t)

11: Fast Drift τ
[i]
f = τ

[i]
f +N (0, στf ·

√
∆t)

12: ∆Θ[i] = (τ
[i]
s + τ

[i]
f ) ·∆t

13:
14: {add additional heading noise for a proportion Rp of particles}
15: if U(0, 1) < Rp then
16: ∆Θ[i] = ∆Θ[i] +N (0, σjump)
17: end if
18:
19: {propose white errors and compute the new particle pose}
20: p[i] = p[i] + ∆p[i] +N2(0, σpos ·

√
∆t)

21: Θ[i] = Θ[i] + ∆Θ[i] +N (0, σΘ ·
√

∆t)
22: end for
23: return state x[i] for each particle i

Weight Computation

Following the derivation in section 4.5.1 we apply two weighting terms: one
term uses the FootSLAM map M [RAK09], the second one uses the mag-
netic map M. For the magnetic weighting, the term (4.3) is applied to each
particle. This incorporates all previous measurements that have been added
to a specific bin (for that particle’s location) in that particle’s map. This re-
sults automatically if adopting the recursive update of z̄t−1, st−1, and |Zt−1|
for each particle. Over time, more and more measurements get aggregated,
given that the subject’s path crosses an area multiple times.

As explained formally in Algorithm 8, we process the hierarchical grids ac-
cording to these principles, applied per particle, per time step (inner for-loops
in Algorithm 8). We only consider the magnetic map in the remainder of
this section.
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Initialization στs0 = 0.15 ◦/s στf0 = 0.05 ◦/s

Slow drift τs στs = 0.0015 ◦/
√

s τsmin
= −0.3 ◦/s τsmax = 0.3 ◦/s

Fast drift τf στf = 0.01 ◦/
√

s τfmin
= −1.0 ◦/s τfmax = 1.0 ◦/s

White noise σpos = 0.2 m/
√

s σΘ = 0.6 ◦/
√

s σjump = 7.0 ◦

Drift thresholds ∆pcmin
= 0.01 m ∆tcmin

= 1 s ∆tcmax = 100 s

Thresholds ∆pwmin
= 0.0001 m - ∆twmax = 1 s

Thresholds ∆pamin
= 0.005 m ∆tamin

= 3 s ∆tamax = 10 s

Weighting ∆pwt1min
= 0.07 m ∆pwt2min

= 0.25 m

Angle jump fraction fRp = 0.01

Resampling threshold fNeff
= 0.1 (fraction of N eff)

Table 4.2: Parameter set used in the particle filter during the SLAM exper-
iments.

Hexagon radius rg [m] ≥ 0.75 < 0.75 < 0.35 < 0.15

µ
[g]
0 0.95 0.95 0.95 0.95

α
[g]
0 0.75 0.75 0.25 0.125

β
[g]
0 [m2] 0.4875 0.3 0.0125 0.00125

κ
[g]
0 0.1 0.1 0.1 0.1

Threshold count |Z [g]|min 10 4 2 1

Table 4.3: Prior Hyper-parameters and sufficient statistics requirements for
different bin sizes. Note we always force |Z [g]|min = 0 for the largest grid
radius used in a particular configuration, so that weight update will always
take place.

1. To compute the weight of the particle, we use the smallest bin that
carries a sufficient number of associated measurements according to
predefined thresholds |Z [g]|, see last row in Table 4.3. This ensures
that we try to harness spatial precision as soon as it is locally possible.
In case no bin meets this requirement, we effectively use the largest
cell.

2. Update the maps at all levels of the hierarchy ; but only when the pose
has changed by more than a threshold distance (we use rg/4). This
ensures that bins are not flooded by measurements taken from only a
small area in the bin. For large bins we require subsequent map updates
from a trajectory through the bin to be more widely spaced, since the
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threshold is linear on rg.

3. To avoid stark weight contrasts that might immediately trigger resam-
pling and pronounced loss of diversity we retain temporary weights w′[i]

for each particle that are only multiplied into the existing weight after
a sufficiently large odometry has accrued (∆pwt2min

= 0.25 m).

4. When multiplying weight updates, we raise the temporary weight by
a power that incorporates the raw distance traveled O

[i]
c (line 33). For

each 0.9 m of odometry traveled we incorporate into the weight w[i] the
geometric mean of the likelihood product accrued. This is to alleviate
over-confidence, correlated measurement errors, and over-reliance on
the uniformity assumption of the bins’ statistics: we are essentially
“accounting for” one MagSLAM multiplicative update per 0.9 m of
odometry traveled.

In our implementation the prior hyper-parameters depend on the bin size
and have been chosen by observing the statistics of the magnetic field in
our experiments: bins of different sizes are associated with different prior
hyper-parameters that determine the influence of future measurements on
the map, see Table 4.3. Small bins have a higher prior precision and their
hyper-parameters allow quicker response to incoming measurements. Larger
cells have lower prior precision, we expect larger cells a-priori to have higher
variance. It requires more measurements to change their mean and precision,
since a few samples within that bin might not (yet) be representative enough
for that larger bin. We have based the parameters on direct usage of the raw
sensor data (see also section 5.4) without any further sensor calibration; the
potential benefits of such measures is a topic for future research. Similarly,
one might adapt the hyper-parameters to different environments or include
them as part of the estimation problem.

Each particle stores its own magnetic map using for each hierarchy level in
an H-tree, a tree-based data structure introduced for FootSLAM in [PRH12].
Using the H-tree, the computational complexity of MagSLAM grows with at
most t log t as new areas are visited, allowing for quasi-real time processing.
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4.6 Summary

In this chapter, Novel Probabilistic Estimation Algorithms, we have developed
algorithms for three distinct problems: Mapping, Localization and Simulta-
neous Localization and Mapping.

We first described the environment that we intend our algorithms to be
used in, and were able to limit the representation of location and attitude
to three dimensions: horizontal translation in x and y as well as the heading
angle. This reduces the complexity for the use cases in this work, but can
easily be extended to a full 6-DOF system. We then developed specific data
types for the magnetic maps. We use different versions of grid-based maps
that assume a normal distribution of the magnetic field within a grid cell.
For the SLAM use case we developed a hierarchical map to cope with sparse
measurement densities especially at the beginning of a SLAM run.

Based on the theoretical framework introduced in chapter 3, we developed
specific implementations of the particle filter algorithm for localization and
SLAM. These filters iteratively update their state by incorporation odom-
etry and magnetic field measurements. We described temporal and spatial
thresholds that have been introduced to cope with the specific input data and
problem set in this thesis. We additionally developed different variations of
the filters and will compare their performance in the next chapter.

We will now describe the experiments that were conducted to prove the
practical feasibility of the algorithms and to analyze and measure their per-
formance.
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Algorithm 7 Particle filter proposal for SLAM (Complete)
1: Proposal Step (Complete)

2: State x[i] = [p[i],Θ[i], τ
[i]
s , τ

[i]
f ] for each particle i

3: Odometry measurement zU = [t,∆ΘU ,∆pU ]
4:
5: proposeColoredError = false, proposeWhiteError = false, angleJump = false
6: ∆tc = t− tc, ∆tw = t− tw, ∆ta = t− ta
7: ∆pc = ∆pc + ∆pU , ∆pw = ∆pw + ∆pU , ∆pa = ∆pa + ∆pU

8: if ||∆pc|| ≥ ∆pcmin
and ∆tc ≥ ∆tcmin

then
9: proposeColoredError = true, tc = t, ∆pc = 0

10: ∆tc = min{∆tcmax ,∆tc}
11: end if
12: if ||∆pw|| ≥ ∆pwmin

then
13: proposeWhiteError = true, tw = t, ∆pw = 0
14: ∆tw = min{∆twmax ,∆tw}
15: end if
16: if ||∆pa|| ≥ ∆pamin

and (∆ta ≥ ∆tamin
or didResample) then

17: angleJump = true, ta = t, ∆pa = 0
18: ∆ta = min{∆tamax ,∆ta}
19: end if
20:
21: for each particle i do

22: ∆p[i] =

[
cos Θ[i] − sin Θ[i]

sin Θ[i] cos Θ[i]

]
·∆pU

23: ∆Θ[i] = ∆ΘU

24:
25: if proposeColoredError then

26: propose Slow Drift τ
[i]
s = τ

[i]
s +N (0, στs ·

√
∆tc)

27: restrict τ
[i]
s to range [τsmin

, τsmax ] (◦/s)

28: propose Fast Drift τ
[i]
f = τ

[i]
f +N (0, στf ·

√
∆tc)

29: restrict τ
[i]
f to range [τfmin

, τfmax ] (◦/s)

30: ∆Θ[i] = ∆Θ[i] + (τ
[i]
s + τ

[i]
f ) ·∆t

31: end if
32: if angleJump then
33: {add additional heading noise for a proportion Rp of particles}
34: Rp = ∆ta · fNeff
35: if U(0, 1) < Rp then
36: ∆Θ[i] = ∆Θ[i] +N (0, σjump)
37: end if
38: end if
39: if proposeWhiteError then
40: ∆p[i] = ∆p[i] +N2(0, σpos ·

√
∆tw)

41: ∆Θ[i] = ∆Θ[i] +N (0, σΘ ·
√

∆tw)
42: end if
43:
44: {compute the new particle pose}
45: p[i] = p[i] + ∆p[i]

46: Θ[i] = Θ[i] + ∆Θ[i]

47: end for
48: return state x[i] for each particle i
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Algorithm 8 Particle filter update and resampling for SLAM

1: State x[i] = [p[i],Θ[i], τ
[i]
s , τ

[i]
f ] for each particle i

2: Odometry measurement zU = [t,∆ΘU ,∆pU ]
3:
4: weight update step and conditional map update
5: didResample ← false
6: ∆pwt1 ← ∆pwt1 + ∆pU , ∆pwt2 ← ∆pwt2 + ∆pU

7:
8: if ||∆pwt1|| ≥ ∆pwt1min

then
9: ∆pwt1 = 0

10:
11: for each particle i do
12: {Find smallest grid with sufficient statistics and update interim weight}
13: for each grid level g = 1 . . . G do
14: Determine bin [g,h,i] containing p[i]

15: if |Z [g,h,i]
t−1 | ≥ |Z [g]|min then

16: w′
[i]

= w′
[i] · T[g,h,i](zBt )

17: Increment counter N
[i]
w = N

[i]
w + 1

18: break
19: end if
20: end for
21:
22: for each grid level g = 1 . . . G do
23: {Update map bin [g,h,i] if particle has sufficiently moved since last update}
24: if ||p[i] − p

[i]
g || ≥ rg/4 then

25: Recursively update z̄
[g,h,i]
t and s

[g,h,i]
t incorporating zBt

26: Increment num. measurements |Z [g,h,i]
t | = |Z [g,h,i]

t−1 |+ 1

27: p
[i]
g ← p[i]

28: end if
29: end for
30:
31: {Update particle weight w[i] if cumulative odometry sufficient}
32: if ||∆pwt2|| ≥ ∆pwt2min

and N
[i]
w ≥ 1 then

33: w[i] = w[i] ·
(
w′

[i]
)(O[i]

c /(0.9·N [i]
w ))

34: w′
[i] ← 1, N

[i]
w ← 0, ∆pwt2 = 0

35: end if
36: end for
37:
38: Normalize particle weights; Compute N eff according to (3.10)
39: if N eff < fRp

·Np then
40: Resample with systematic resampling [AMGC02]
41: didResample ← true
42: end if
43: end if



Chapter 5

Experiments and Validation

This chapter describes the experiments that were performed in order to verify
the algorithms introduced in the previous chapter. First, we will outline the
employed hardware, tools and experimental platforms. We will then describe
the different experiments and the results that were obtained in detail. As in
the previous chapters, the experiments are separated into the three use cases
Mapping, Localization and Simultaneous Localization and Mapping. We will
summarize the experiments at the end of each section, and give an overall
summary at the end of the chapter.

Most of the experiments have been conducted in our main laboratory which is
located in the basement of our institute’s building at the German Aerospace
Center (DLR) in Oberpfaffenhofen, Germany, as it is equipped with a high-
accuracy motion-capture system (see section 5.1.3) that allows for quantita-
tive analysis and evaluation. We will call this laboratory the “DLR lab” in
the remainder of this work.

For the SLAM case, in addition to a quantitative evaluation of the loca-
tion error, we provide a qualitative depiction of the resulting magnetic field
strength maps for some additional test areas including a residential apart-
ment and two office buildings.

A list of reference values for the geomagnetic field at the locations where
we conducted our experiments can be found in Appendix A.

73
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5.1 Experimental Setup

5.1.1 Sensor Hardware

The magnetic field sensor that we used in our experiments is made of three
orthogonal thin film magneto-resistive sensor units (see section 3.5.4). This
triad of sensors is part of a commercial integrated sensor package (Xsens
MTx, and its wireless variant Xsens MTw, see Fig. 5.1). In addition to a
magnetic sensor triad, this package contains accelerometer and gyroscope tri-
ads, which makes it well suited for a strap-down inertial navigation system
and use for pedestrian odometry.

For the MTx package the sensor communicates via USB using a proprietary
protocol for configuration and data logging; the MTw uses a proprietary
wireless communications link operating in the 2.4 GHz ISM band. For the
experiments a sampling rate of 100 Hz was used. According to its specifica-
tion the sensors bandwidth is 10 Hz. Nevertheless, the experimental results
show that the sensor is sensitive at significantly higher frequencies. We used
this type of sensor for the robotic mapping and both robotic and pedestrian
localization to obtain the measurement ZB.

xy

z

(a) XSens MTx sensor (tethered). (b) XSens MTw sensor (wireless).

Figure 5.1: Sensor package including three-axis magnetometer, accelerometer
and gyroscope. The orientation of the axes of the sensor frame is shown.

5.1.2 Sensor Calibration

We chose to calibrate the sensor for offsets on every axis, but ignore the other
possible impairments that have been described in section 3.5.4, as they are
negligible for the employed sensors and use cases.

In an initial calibration phase prior to each of our experiments the sensor
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is manually rotated around all three axes as randomly and with as little
translation as possible. The raw sensor output during this calibration phase
is recorded and a sphere is least-squares fitted so that the three raw sensor
outputs lie on the sphere’s surface. The coordinates of the center of this fitted
sphere are used as an estimate for the three biases. The radius of the sphere
is used to normalize the measurements to the intensity of the geomagnetic
field at the location of the experiment. Fig. 5.2 shows the result of a calibra-
tion phase in raw sensor units. As an estimate of the actual intensity of the
geomagnetic field we are using data reported by the Munich Earth Obser-
vatory. This observatory takes measurements at their Fürstenfeldbruck site
(IAGA code FUR), less than 15 km from our DLR lab and has reported an
average intensity of 48327.2 nT for November 2016 [FFB]. This value can be
applied to the radius of the least-squares estimated sphere fit. For the data
shown in Fig. 4, which has an estimated radius of 7829 raw sensor units, this
results in a scaling factor of approximately 6.15 nT/raw sensor unit.

Figure 5.2: Result of a calibration run using the sphere fit algorithm. The
algorithm results in three offset values [32053, 33241, 32994] and the sphere
radius [7829]. All data are measured in sensor units and can be fit to the
real field vector if that is known.
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5.1.3 Ground Truth Tracking

We employ a commercial motion capture system (Vicon), consisting of 16
infrared sensitive cameras and infrared strobes. The system is used for pro-
viding accurate pose information during the mapping phase as well as ac-
curate ground truth pose to determine the error during the localization and
SLAM phases. In our setup this system yields sub-millimeter accuracy at a
sampling rate of 100 Hz. The ground truth system also defines the arbitrary
origin of the world frame. We used this system only for the experiments
conducted in the DLR lab.

5.1.4 Platforms

Robotic platform

In this work we have modified a holonomic (omnidirectional) robot to perform
the mapping task as well as to analyze localization performance for wheeled
platforms. The robot is based on the commercially available Slider platform
(manufactured and marketed by Commonplace Robotics), see Fig. 5.3. The
chassis of the platform is made of aluminum sheet metal. Its dimensions are
450 mm × 300 mm × 170 mm (length × width × height). The drive sys-
tem consists of a motor driver that controls four servomotors with magnetic
encoders in velocity feedback loops and four Mecanum wheels with 150 mm
diameter.

The platform is fully holonomic and accepts control inputs for forward, lat-
eral and rotational velocity. The odometry measurement ZU is generated
from wheel speed information generated by four separate wheel encoders at
a rate of 50Hz. The robot can be commanded manually with an input device
or automatically by feeding target coordinates to a controller which in turn
generates the control inputs.

For robotic experiments we mounted the sensor on a wooden cantilever that
extends 0.75 m from the robot’s center. The purpose of this cantilever is to
separate the sensor from ferromagnetic structures (bearings, steel screws,...)
and electric currents on the robot that disturb the magnetic field. While
this was not necessarily needed (see comparison of two sensor placements in
Fig. 5.4), it ensured a sufficient separation from those influences.
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Figure 5.3: Robotic platform with sensor arm in a calibrated projection of
the magnetic field intensity in the DLR lab [FAL+13]. c©IEEE 2013

Communication to control the robot as well as to read sensor values and
wheel odometry was performed with an on-board computer. We used a
standard laptop (as in Fig. 5.4) and a smaller unit marketed as FitPC (see
Fig. 5.3). The robot was equipped with reflective markers for the ground
truth system.

Pedestrian and foot mounted sensor

For the legged locomotion experiments we rigidly mounted the sensor unit
onto the shoe of a person, see Fig. 5.5. The data of the inertial sensors was
then processed with a ZUPT/ZARU/MARU-aided low-level inertial com-
puter with a UKF according to [ZKRJ12] in order to obtain the 6-DOF
odometry ZU of the foot, see also section 3.3.1. We use measurements dur-
ing the stance and stride phases of the step movement cycle. We ignore its
z-component to reduce the complexity of the magnetic map, and assume that
the magnetic field does not change significantly within a small layer above
the ground. Additionally, we equipped the shoe with reflective markers in
order to obtain ground truth trajectory data from the motion tracking sys-
tem.
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(a) Sensor placements A and B on the robotic platform.

(b) 3D magnetic signal (nT) of sensors B (top) and A (bottom) over time (ms).

Figure 5.4: Comparison of magnetic sensor placement on the robotic plat-
form. While some signal from the motors can be seen in sensor A’s mea-
surements, the scale of the motor signal is negligible compared to the total
measured signal. Note that the signature is similar for both sensors, shifted
in time, as the robot was moving forward.

5.1.5 Real-time Projection

We equipped the DLR lab with a calibrated optical projection system that
is able to project a Cartesian two-dimensional plane onto the ground. This
enabled us to project the magnetic map as well the real-time state of the
filters as shown in Fig. 5.6. The ground truth system, projection system and
the filter algorithms can be coupled into a common coordinate space using a
projective transformation (homography).
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Figure 5.5: A pedestrian performs a measurement walk with a shoe mounted
MTw sensor and equipped with reflective markers for tracking [FAL+13].
c©IEEE 2013

Figure 5.6: The projection of the magnetic field intensity map with the
robotic platform in the DLR lab.

5.1.6 System Setup and Software Framework

We made extensive use of the Robot Operating System (ROS) framework
[QCG+09] for collecting data (ground truth poses from motion tracking,
magnetic measurement data, wheel odometry) and controlling the robot.
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We implemented our particle filter using the Python programming language
(localization) and Java (SLAM) and used NumPy and Matplotlib [Hun07]
for visualization and OpenCV for computing the homography and calibrated
projection shown in Fig. 5.6.

5.2 Mapping

The mapping experiments described in this section were originally published
in [FAL+13]. We created two separate maps of the magnetic field in one of our
labs, a rectangular room of approximately 4m by 10m dimension, by moving
the sensor around on the ground plane. The room is located in the basement
of an office building constructed in 2011. As the lab is equipped with the
high-accuracy position ground-truth system described in section 5.1.3, we
were able to obtain the 6-DOF sensor pose from the tracking system, result-
ing in high-accuracy maps of the three dimensional magnetic field in a two
dimensional area of approximately 40 m2. The first mapping was performed
manually, the second one using the robotic platform.

The manual mapping was conducted using a tackle (see Fig. 5.7) to move
the sensor platform on straight trajectories across the floor within the area
covered by the motion capture system, maintaining a fixed lateral separation
of 10 cm. For the robotic mapping we employed an omnidirectional robot
with an attached magnetic sensor, see Fig. 5.3. Using this robotic platform,
we were able to create a magnetic map of 1 cm resolution. We do not ob-
serve any qualitative differences between the two versions of the map, and
only consider the robotic map in the following sections.

5.2.1 Magnetic Field Intensity and Direction

The high resolution map can be seen in Fig. 5.8, which shows the inten-
sity of the magnetic field on ground level. The intensity varies between
approximately 0 µT and 120 µT, which is a range around 104 higher than
the naturally occurring temporal fluctuations. In some areas the observed
field strength is far below the expected geomagnetic field of 48.2 µT at this
location. The effect of the building structure can be clearly seen, with the
distortions being aligned to the geometry of the laboratory.

Fig. 5.9 shows only the horizontal component [Bx, By]
T of the same magnetic

field map as a stream plot. The first observation we can make is that the
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Figure 5.7: The tackle used for the manual mapping of the magnetic field.
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Figure 5.8: Map of the magnetic field intensity at ground level within
DLR’s motion capture laboratory with a spatial resolution of 1 cm [FAL+13].
c©IEEE 2013

horizontal intensity is much smaller than the full intensity in Fig. 5.8, which
used the same color map. This is an effect of the relatively high magnetic
inclination angle of 64◦, with the field vector significantly pointing down to-
wards −z. The second observation is the distorted direction of the field. The
undistorted magnetic field would point towards magnetic north, as indicated
by the compass in the upper right corner. It can easily be seen that the



82 CHAPTER 5. EXPERIMENTS AND VALIDATION

the measured direction of the field varies a lot, and using a compass without
correction would obviously fail at most locations within the mapped area.

Figure 5.9: The horizontal component (Bx, By) of the magnetic field at
ground level within DLR’s motion capture laboratory. The color scale is
identical to Fig. 5.8. Note that the density of the field lines is an artifact of
the plotting library and not representative of the real field [FAL+13]. c©IEEE
2013

The same data is used in Fig. 5.10 to plot a histogram of the heading angles.
Outside in an undisturbed field one would expect the histogram to have a
peak towards magnetic north, indicated by the green line. On the ground
floor in our lab, the heading is significantly squeezed towards the orientation
of the building’s main axes, which aligns to the plot’s x- and y-axes.
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Figure 5.10: Histogram of the directions of the horizontal component (Bx, By)
of the magnetic field at ground level within the DLR lab, sampled on a 1 cm
grid. The green line denotes magnetic north, black solid lines the orientation
of the main axes of the surrounding building [FAL+13]. c©IEEE 2013

5.2.2 Magnetic Field Spectrum

In a separate experiment, we measured the magnetic field intensity along a
corridor in a university building [AFD+12]. For this data we performed a
spectral analysis over time, the result for the sensor’s y-axis By can be seen
in Fig. 5.11. It shows the magnetic field intensity at different frequencies
over time, while walking down the corridor. Strong signals can be observed
around t = 140s, which might be caused by running machinery in a neigh-
boring room. The plot also shows signals at 20 Hz and 40 Hz, which result
from aliasing effects with FS = 100 Hz and an original signal at 60 Hz which
is emitted from power lines (the data was collected in the United States).

Higher frequencies provide a valuable signal that could be used for local-
ization purposes, especially as the main sources of the signal, power lines
and electric machinery, are present in indoor environments. We decided to
focus on the static signal in this thesis, and leave the use of other parts of
the spectrum for future work.
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Figure 5.11: Magnetic field spectrum of one sensor axis over time, measured
while moving the sensor along a corridor [AFD+12]. c©IEEE 2012

5.2.3 Field Characteristics in an Extended Volume

To get some insight into the influence of the vertical separation from the
floor on the magnetic field, we conducted an experiment to map the field in
a three-dimensional grid made of cubes with an edge size of 10 cm. Figure
5.12 shows the magnetic field intensity in horizontal slices at three different
heights above ground in the same room as Fig. 5.8. The data were manually
collected by systematically moving the sensor around to cover the volume and
using the ground truth system as a source for position estimates. While the
dynamic range of the signal is noticeably smaller than close to the ground, it
still provides significant variation in the magnetic signal. This indicates that
there is still a usable signal at hip level, where it could be used on a mobile
phone carried in a pocket.
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Figure 5.12: Magnetic field intensity over multiple heights in the DLR Lab
(0.7 m, 1.0 m and 1.3 m above ground). Axes units are mm. Note that the
color range is differing from Fig. 5.8 and 5.9

.

5.2.4 Discussion of the Results

We showed that a high resolution map of the magnetic field can be cre-
ated by combining measurements from a sensor that is moved across an area
with known sensor position measurements. This was achieved by using a
wheeled robotic platform with an attached magnetic sensor. Such a map
provides valuable insights into the characteristics of the magnetic field in
indoor environments, and to our knowledge this is the first high-resolution
two-dimensional indoor map that has been published.

The map shows strong perturbations of the magnetic field, in intensity and
direction. These distortions in general follow the geometry of the surrounding
building. The perturbations are strongest close to ferromagnetic materials,
especially near the ground floor in buildings that have been constructed using
reinforced concrete, but also near metal door frames or other steel structures.
They get weaker when moving away from the structures, but are still observ-
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able on the hip level. We observed a variation between 0 and 120 µT on the
ground, and 30 µT to 50 µT on the hip level, which is a reduction to roughly
15 % of the dynamic range.

The manual and robotic mappings of the ground floor were conducted four
months apart from each other. The similarities between these two maps
suggest that the magnetic field within our motion capture laboratory is tem-
porally stable over long periods of time. This observation is additionally
supported by repeated qualitative measurements we have done over an even
longer time period. This suggests that the maps are usable over a long period
(months to years) of time.
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5.3 Localization

We have tested the localization algorithm in the DLR lab space [FAL+13].
Using the magnetic map created during the mapping experiments, we looked
at two cases: pedestrian and wheeled robot odometry. In both cases we
collected odometry measurements ZU and magnetic measurements ZB, which
were then processed with the particle filter algorithm described in section
4.4 to estimate the pose trajectory p(Pk|{ZU ZB}0:k). In the filter, the pose
of each particle is proposed from the odometry measurements, while the
measurements of the magnetic sensor were used in its update step. Using
the motion capture system we recorded ground truth trajectory data at a
rate of 100 Hz. We processed the data in an offline process with the Python
implementation of the particle filter algorithm. As the movement of the
subjects was constrained to the lab boundaries, the movement path goes
back and forth inside the same room, which results in an oscillating error
curve for the odometry in the plots below.

5.3.1 Pedestrian Locomotion

Several walks were performed within the tracking volume while accelerations,
rotational velocities and magnetic measurements were recorded, see Fig. 5.13
for an example trajectory. The subjects began each walk in the center of
the motion tracking system and tried to constrain their motion to both the
mapped area and motion capture coverage. One of the “walks” included pe-
riods of running and fast turns in order to stress the underlying odometry.
Fig. 5.13 shows the ground truth trajectory measured by the motion capture
system in green, while the raw odometry is shown in red. The resulting error
for the intensity-based likelihood function is plotted in Fig. 5.14. In this
case, the initial position was given, but the initial yaw angle was unknown
and hence estimated by the particle filter, which results in an initial spike in
the position error.

We observed a stable position error during all of the runs. For the run
shown in Fig. 5.14 we used a magnetic map with 10 cm resolution and
NP = 2000 particles, which is a good trade-off in performance and sta-
bility and resulted in a mean error of 7.95 cm. A video of the pedestrian
localization experiment, originally published in [FAL+13] can be found at
https://youtu.be/eavk1akiLV4 and shows the real-time capability of our
implementation. The first part of the video shows an experimental run with
known starting position and unknown heading. In the second part, the start-
ing position is also unknown, and uniformly distributed. The second part also

https://youtu.be/eavk1akiLV4
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Figure 5.13: Ground truth and odometry trajectories for a pedestrian lo-
calization run. The background lines show the complete trajectories while
the bold lines show an short extract. The dots show intermediate position
samples of the pedestrian’s foot [FAL+13]. c©IEEE 2013

shows the state of the particle filter on the left, Fig. 5.15 shows a screen shot.
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Figure 5.14: Error values for a legged locomotion run of 1020 seconds using
the intensity-based likelihood function. The bottom plot shows a magnified
view [FAL+13]. c©IEEE 2013

Figure 5.15: Screenshot of a video showing the pedestrian localization ex-
periment. The box on the left shows the particle filter’s state, which is also
projected onto the ground in the video frame on the right [FAL+13].
https://youtu.be/eavk1akiLV4

https://youtu.be/eavk1akiLV4
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5.3.2 Wheeled Locomotion

For the robot localization experiments we employed the same holonomic plat-
form as in the mapping experiment, described in section 5.1.4. We manually
commanded the robot by setting its forward, lateral and rotational velocity
with a space navigator, i.e., a six degree-of-freedom input device (of which
only three degrees-of-freedom, namely x, y and Θ, where used). Fig. 5.16
shows the ground truth trajectory and the raw odometry.
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Figure 5.16: Ground truth and odometry trajectories for a robot localization
run. The background lines show the complete trajectories while the bold
lines show an extract. The arrows show intermediate position and heading
samples of the robot [FAL+13]. c©IEEE 2013

The results for a run of 2000 seconds duration with given initial position
and heading using the intensity based likelihood function described in sec-
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tion 4.4.2 is shown in Fig. 5.17. The mean error over the entire run is 6.4
centimeters. A known starting position and rotation reduce the error in the
initial phase of the run, but the filter also converges without being given
those values. A video of the robot localization experiment, originally pub-
lished in [FAL+13] can be found here: https://youtu.be/kWP3dUcieQU.
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Figure 5.17: Error over time for a robot location run of 2000 seconds using
the intensity-based likelihood function. The bottom plot shows a magnified
view [FAL+13]. c©IEEE 2013

5.3.3 Influence of Gridsize

The magnetic map is stored in a grid representation, whose resolution has an
influence on the localization performance. We conducted several runs of our
particle filter with varying grid resolutions, see Fig. 5.18 for an error time-
line of runs with two different map resolutions. The red line in this figure
shows the mean error of a run without any magnetic measurements included.

Fig. 5.19 shows a comparison of the error for different map resolutions. Lower
resolution maps were calculated from the high resolution map by simple sub-
sampling. The degraded performance of the 1 cm map stems from non-perfect
synchronization between sensors and reference system during the mapping
phase, which gets more significant with smaller grid sizes. Interestingly, lower

https://youtu.be/kWP3dUcieQU
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resolution maps also provide sufficient information for the localization. For
a 20 cm map we still achieve a mean error below 9 cm, which is the same as
for the 10 cm map.
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Figure 5.18: Error over time for the same pedestrian locomotion run pro-
cessed with different map resolutions [FAL+13]. c©IEEE 2013
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Figure 5.19: This plot shows the relationship between grid size of the mag-
netic map and the resulting error of the particle filter localization algorithm.
The higher error for the 1cm grid is caused by time-synchronization errors
between sensors and ground truth system [FAL+13]. c©IEEE 2013
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5.3.4 Influence of Magnetic Field Representation

We have compared different representations of the magnetic field values,
namely intensity, horizontal/vertical component and full vector representa-
tion, which were each used in a different calculation of the likelihood function
as described in section 4.4.2. A comparison of the error values for the dif-
ferent likelihood functions is shown in Fig. 5.20. For the same data set,
Fig. 5.21 shows two enlarged temporal segments, the initialization phase and
a period with a temporally increasing error. While the full vector represen-
tation yields only a modest improvement in mean total error, it converges
faster and is more robust against distortions. Table 5.1 shows a comparison
of the error values for the different cases.
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Figure 5.20: Error values during six pedestrian locomotion runs for three dif-
ferent representations of the magnetic field (intensity, horizontal and vertical
components and all three vector components) [FAL+13]. c©IEEE 2013

Table 5.1: Error comparison for different map grid resolutions and likelihood
functions [FAL+13]. c©IEEE 2013

Intensity Hor/Ver Components Full Vector

10 cm 9.00 cm 7.72 cm 7.31 cm

20 cm 9.41 cm 8.41 cm 7.77 cm
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Figure 5.21: Zoom into two interesting segments of Fig. 5.20. The left side
shows the initialization phase of the particle filter, and the right side shows a
period with a temporary increase in error is shown. In both cases the vector
representation leads to a smaller error [FAL+13]. c©IEEE 2013

5.3.5 Discussion of the Results

Our localization experiments show that it is possible to achieve stable high
accuracy localization of pedestrians using only acceleration, gyroscope and
magnetic measurements and a magnetic map of the area. The compari-
son with raw odometry shows that magnetic maps are useful information
that help to limit growth of the position error when using a dead reckoning
based localization algorithm. This approach works for legged locomotion and
wheeled locomotion (in which case wheel odometry is also available).

The representation of the map affects the achievable accuracy, and in gen-
eral the location accuracy gets better with increased resolution of the map
data. This effect was weaker than expected, and a very good localization
performance can already be achieved with a simple map representation. The
vector field has the additional advantage that it could be used to assist a full
6-DOF attitude estimation. We leave possible improvements in this area for
future work.

There is a significant difference of using the magnetic field compared to other
signals like WiFi measurements. A single magnetic measurement can only
provide a very ambiguous location estimate due to the similarity of the mag-
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netic field at multiple locations in the environment. This can still be useful,
but the real strength of the map arises by moving through it. The trajectory
will cover a sequence of changing field measurements. Since the magnetic
field measurement’s posterior predictive p(ZB

k |P0:k,Z
B
1:k−1)) is multiplicative

over time, any deviations from the correct path within the map would yield
a pronounced and growing difference. A useful analogy from communica-
tions theory could be to consider the resulting sequence of field intensities
as a “code symbol” in magnetic space. As a path’s length increases, its
corresponding codeword is soon very likely to have a high “distance” from
competing paths’ codewords, even in the presence of noise1.

1Noise in our context will arise due to the binning process, changes in the sensor height
during the human stride and the approximations and assumptions applied in this thesis.
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5.4 Simultaneous Localization and Mapping

We tested MagSLAM for pedestrian locomotion in a variety of indoor and
mixed indoor / outdoor environments [RFA+13] and present the results of
five controlled experiments. Four datasets (D1:4) were collected in the same
room as most of the previously described experiments, with highly accurate
location ground truth (DLR lab). The fifth one, collected in a residential
apartment, only includes the timestamps at which the user placed his foot
at the starting location whenever he returned to this place during the walk,
which reduces the accuracy of the ground truth reference. We did not per-
form any robotic SLAM.

The data were collected by three different individuals, with variations in
the mounting of the sensor on the shoe, and differing footwear. Most of the
data were collected during a normal walking pattern, but one data set (D1)
included phases of walking backwards and running as well as fast turns and
swings of the leg. Datasets D1:3, as well as the apartment dataset, were col-
lected with the cable-connected Xsens MTx, whereas D4 used the wireless
Xsens MTw. All data were collected at the level of IMU data calibrated
internally by the IMU controller. We did not perform a separate magnetic
calibration but used the sensor-intrinsic calibration, resulting in magnetic
SLAM maps that are only consistent with themselves but not numerically
comparable with each other or external maps. The data were subsequently
processed offline with a multithreaded implementation of the particle filter
algorithm programmed in the Java programming language and using 10,000
particles. On a typical desktop PC, the processing using MagSLAM is faster
than real-time with this configuration.

We compared the localization performance to FootSLAM and to combina-
tions of FootSLAM and MagSLAM with different parameters. For Foot-
SLAM we used a hexagon grid with a radius of 0.5 m. The location estimates
used in the evaluations is the weighted mean of the particle locations.

5.4.1 DLR Lab

Fig. 5.22 shows the position error for FootSLAM and MagSLAM as it evolves
over time for dataset D4. MagSLAM outperforms FootSLAM in this test set-
ting.

Table 5.2 shows the average error of the datasets D1:4 for different settings,
i.e., MagSLAM alone with 3 or 4 grid layers, a combination of MagSLAM and
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Figure 5.22: Error values for dataset D4 comparing FootSLAM with
MagSLAM (3 layers) [RFA+13]. c©IEEE 2013

FootSLAM, or only FootSLAM. The results indicate that MagSLAM with 4
layers performs slightly worse than MagSLAM with 3 layers, but this differ-
ence might not be statistically significant. Interestingly, using FootSLAM in
combination with MagSLAM worsens the performance of MagSLAM in most
cases and FootSLAM alone shows the worst performance. We think that this
is due to the relatively large size of the hexagons of FootSLAM, with a ra-
dius of 0.5 m. The use of a smaller grid sizes, perhaps also in a hierarchy
for FootSLAM remains a potentially promising approach to be investigated.
The results show that MagSLAM alone achieves a position accuracy of 12 cm
to 21 cm, which approaches the localization error achieved in the localization
experiment for similar cell sizes.

Fig. 5.23 shows the posterior map af a combined MagSLAM/FootSLAM run
for dataset D4 in comparison to the map created in the mapping experiments.
Note that the two maps do not cover the exact same area. For instance, the
three red (strong intensity) areas near y ≈ 5 m were not visited in the SLAM
dataset, which instead covers a wider area to the left and top that were not
mapped in the mapping dataset. The color maps are only roughly aligned
since the non-SLAM map used a calibrated sensor whereas MagSLAM worked
with uncalibrated sensor data. Note that we have chosen to show the map
that results from the FootSLAM and MagSLAM combination here and in the
following sections. However, both data sets converge when only MagSLAM
is applied.
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Error [m]

Experiment D1 D2 D3 D4 D1:4

Only MagSLAM, 3 Layers 0.211 0.131 0.157 0.121 0.155

Only MagSLAM, 4 Layers 0.245 0.143 0.169 0.135 0.173

MagSLAM 3 Layers + FootSLAM 0.252 - - - 0.252

MagSLAM 4 Layers + FootSLAM 0.261 0.181 0.149 0.191 0.196

Only FootSLAM 0.360 0.511 0.272 0.403 0.387

Table 5.2: Average error [m] of four different walks (D1:4), and the average
over all walks. Three layers implies r1 = 0.07 m, r2 = 0.15 m and r3 = 0.35 m;
the fourth layer includes r4 = 0.75 m [RFA+13].

5.4.2 Residential Flat

A walk lasting about 17 minutes was undertaken in the author’s apartment
located in the 2nd floor of a multi-story residential building. The apartment
had an area of approximately 50 m2, including two larger rooms, a landing,
kitchen, bathroom and balcony. All rooms and the balcony were visited
at least once during the walk. The walk started with the foot placed on
a paper attached to the floor with the sensor above a marked cross. The
user revisited this location another twelve times and recorded these time
instances on the notebook computer that was also logging the IMU data
(from the Xsens MTx). This allowed us to compute the location error of the
estimator at these time instances without an external ground truth system.
The rotation ambiguity of MagSLAM becomes irrelevant for those instances
where the user revisits the starting location, allowing us to directly inspect
the resulting location error.

Results

Fig. 5.24 shows the resulting position error at the points in time when the
pedestrian (re-)visited the starting location at (0, 0) for different combina-
tions of MagSLAM and/or FootSLAM and with different grids for MagSLAM.
It is evident that the singled sized grids as well as FootSLAM by itself show
worse performance than MagSLAM with 3 or 4 layers of grids. Here again,
adding FootSLAM yielded worse performance than MagSLAM by itself, pos-
sibly a result of the relatively coarse grid size of 0.5 m radius used for Foot-
SLAM in comparison with the achieved position errors.

To account for the possibility that SLAM, when implemented with a fi-
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Figure 5.23: Top: ground truth magnetic field intensity from Fig. 5.8;
Bottom: four layer hexagon magnetic map corresponding to dataset D4 with
MagSLAM (4 Layers) and FootSLAM. The color encodes the sample mean
magnetic field intensities of the maximum likelihood particle at the end of the
walk (z̄

[g,h]
k ), where red encodes higher intensities [RFA+13]. c©IEEE 2013

nite number of particles and with spatially fixed bins, might settle on a
map/position configuration that is slightly displaced in location with respect
to the starting location, we have also evaluated the error after subtracting
the mean of the location at the 13 reported time instances from all estimates
locations. This essentially yields the error after we have removed a constant
offset. The results shown in Fig. 5.25 indicate a slightly lower error, especially
when applying FootSLAM. Note that the low error for the case where the
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Neither FootSLAM nor MagSLAM. Error = 1.06 m
FootSLAM Only. Error = 0.25 m
MagSLAM single grid r1 = 0.07 m. Error = 0.15 m

MagSLAM single grid r1 = 0.75 m. Error = 0.28 m

MagSLAM r1 ... r3 = 0.07, 0.15 and 0.35m. Error = 0.13 m

MagSLAM r1 ... r4 = 0.07, 0.15, 0.35 and 0.75 m. Error = 0.12 m

FootSLAM and MagSLAM r1 ... r4 = 0.07, 0.15, 0.35 and 0.75 m. Error = 0.22 m

FootSLAM and MagSLAM r1 ... r3 = 0.07, 0.15 and 0.35m. Error = 0.22 m

Figure 5.24: Error over time when visiting the reference point for the walk in a
residential flat using different configurations and combinations of MagSLAM
and FootSLAM [RFA+13]. c©IEEE 2013

particle filter is using no weighting at all is a result of the particles over time
occupying a large space with a mean that is reasonably close to the origin;
whereas as to be expected after 17 minutes, the odometry itself had drifted
much further than the depicted error. Note that the achieved accuracy is of
the same order as for D1:4.

In Fig. 5.26 we show a manually aligned overlay of the MagSLAM maps
generated with the Foot- and MagSLAM combination with three hierarchies
of grids (0.07, 0.15 and 0.35 m) and the building plan, including furniture.
The large hexagonal cells tend to aggregate the intensity and usually show
fewer extremes, unless they have only a few measurements. It is important
to note in this and the following illustrations that the larger cells will overlap
with the shown obstacles (the foot might have just “touched” them near the
edge); the smaller cells fit very well to the ground truth map.
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Figure 5.25: Error values for the walk in a residential flat using different
configurations and combinations of MagSLAM and FootSLAM after remov-
ing the mean of the location at the 13 reference time instances [RFA+13].
c©IEEE 2013

5.4.3 Additional qualitative Examples

In Fig. 5.27 we show the result of data collected on the ground floor of the
DLR building. In Fig. 5.28 we show an example of MagSLAM applied to
data that were collected at the STATA Center at MIT. In both cases we
show the map resulting from the Foot- and MagSLAM combination with
three hierarchies of grids (rg [m] = 0.15, 0.35 and 0.75). In both cases there
is a rich spatial modulation of the magnetic field intensity.

A video of a MagSLAM run over several floors of the DLR building, originally
published in [RFA+13], can be found here: https://youtu.be/U9tC1IbPi-c.

https://youtu.be/U9tC1IbPi-c
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walls

furniture

Figure 5.26: Example of the three layer hexagon map overlayed on the avail-
able floor plan (including furniture) of the author’s apartment. The color en-
codes the sample mean magnetic field intensities of the maximum likelihood
particle at the end of the walk (z̄

[g,h]
k ), where red encodes higher intensities

[RFA+13]. c©IEEE 2013

Figure 5.27: Resulting MagSLAM map for a large building with a single long
corridor and several offices [RFA+13]. c©IEEE 2013

5.4.4 Discussion of the Results

We have conducted a number of experiments for the SLAM use case with
pedestrian odometry from foot mounted sensors in different two-dimensional
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Figure 5.28: Resulting MagSLAM map for a large building with two large
loops and non-rectilinear structure (scale in meters) [RFA+13]. c©IEEE 2013

building environments, and present comparisons to ground truth location for
two environments. We achieved 2D position errors (measured at the foot
mounted sensor) on the order of 10 to 20 cm - which is close to the size
of the smallest bins with diameter 15 cm. The results indicate that the
addition of MagSLAM provides better location accuracy than FootSLAM
alone. Furthermore, using the hierarchy of grids appear to be better than a
single layer of bins.
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5.5 Summary

In this chapter, we described the different experiments that were performed
during this thesis. The experiments show that it is feasible to use the mag-
netic field as a signal to support and improve location estimation in indoor
environments, either in pre-mapped areas or using a SLAM approach in
unmapped areas. We were able to significantly reduce the location error
compared to using only the raw odometry.

We started the chapter by describing the experimental settings, the equip-
ment and methods that were used during our experiments. We then described
the specific experiments and their results in detail. Our initial experiments
started by creating high resolution maps of the magnetic field close to the
ground within our laboratory space. We used two different methods, the first
one is using a manually moved tackle, the second one is using a robotic plat-
form that can be algorithmically steered. Both methods move a magnetic
sensor in regular patterns across the area to collect magnetic measurements.
We used the results to analyze the magnetic field in the covered area, and
showed a strong interaction of the geomagnetic field with the surrounding
environment. The magnetic field changes its intensity and direction in cor-
relation to steel structures beneath the surface.

While not used in the subsequent experiments, we also had a look at the
changes in the magnetic field with increasing height above ground, as well
as its frequency spectrum, which are both possible extensions of the signals
used in this thesis. Moving away from the plane directly above the ground
floor, the distortions in the field are reduced in strength, but still have a
dynamic range that provides a usable signal. The spectrum showed strong
signals in the frequency range of power installations, which change spatially
with the distance from the sources of these electromagnetic emissions. While
both showed promising results, further analysis is left for future work.

In the next experiment, we used the magnetic map as input in the refer-
ence implementation of the localization algorithm. We demonstrated the
real-time capability of the algorithm and analyzed the performance of dif-
ferent parameters and map representations. We achieved very good results
showing a mean localization error below 10 cm even when using a relatively
simple (intensity only) map representation.

We then demonstrated the SLAM implementation in the same area as the
localization experiments above, and compared the resulting maps as well as
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the localization error. While the error was slightly worse than in the local-
ization case, it was still much better than a purely odometry-based estimate.
To demonstrate the performance of the algorithms in different environments,
we also showed qualitative examples of the SLAM algorithm’s results in sev-
eral other areas including office buildings and the author’s apartment. These
locations have different magnetic characteristics due to different methods of
building construction. In particular, residential environments usually have
much smaller magnetic distortions due to the use of less reinforced concrete
or other steel structures.

The next chapter concludes this thesis and gives an outlook on possible future
research.
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Chapter 6

Conclusions and Further Work

In this thesis we investigated and demonstrated the viability of utilizing the
ubiquitous magnetic field to provide a high-accuracy location estimate in
indoor environments. We developed probabilistic estimation algorithms and
analyzed the performance of our prototype system for robotic and pedestrian
locomotion in laboratory and real world experimental settings. The results
confirm that the magnetic field is a valuable input for this use case. While it
is underutilized in localization systems today, we think it has the potential
to dramatically improve the performance of these systems in the future.

Driven by our curiosity and the lack of reference data, we started our research
by developing a method to obtain a detailed and accurate map of the mag-
netic field. Since humans cannot “see” the magnetic field, the knowledge of
the disturbances of the field has historically been very limited, and no known
prior work has performed a detailed analysis of it. Our method uses a ground
truth system which provides a very accurate location of a magnetic sensor
that is moved through the area. This sensor collects magnetic measurements
that are then combined into a magnetic map. Based on such a map, collected
in a two-dimensional plane close to the ground floor, we analyzed the spatial
properties of the geomagnetic field and its disturbances caused by the indoor
environment around our lab. Further experiments provided insight into the
spectral components and the three-dimensional expansion of the field. Our
experiments show that the magnetic field varies strongly in areas around
steel structures, with significant changes occurring in ranges as small as a
few centimeters. Combined with the temporal stability of these structures,
the magnetic field is a promising candidate to support a high-accuracy local-
ization system.

Motivated by the rich magnetic signal that we observed, we used the mag-

107



108 CHAPTER 6. CONCLUSIONS AND FURTHER WORK

netic map as prior information for a localization system. In addition to
the map, this system only requires magnetic field measurements and one
of two different sources of odometry: wheel-based odometry on a robot or
gait-based odometry from pedestrians. We started by setting up the theo-
retical model and framework for the system and developed the probabilistic
estimation algorithms and corresponding data types. We then developed a
reference implementation and tested it in our laboratory, where we were able
to consistently localize an object in real-time with a mean error of better
than 10 centimeters. Thereby, we have demonstrated that the magnetic field
can be used to limit the location error in a dead-reckoning based system to
the centimeter range. Using the same test data, we performed an analysis of
the effect of different representations of the magnetic map and the employed
likelihood functions on the localization performance. This showed that even
a relatively simple representation yields acceptable performance. An average
error of 9 cm was achieved using only the intensities of the magnetic field
measurements on a magnetic map grid composed of 10 cm× 10 cm cells.

A drawback of the localization system is the requirement of a detailed prior
magnetic map. The creation of such maps is feasible in limited areas like a
laboratory or a factory floor, but does not scale well beyond that, especially
in public spaces. To cope with this, we developed “MagSLAM”, Magnetic
Simultaneous Localization and Mapping, for the pedestrian use case. This
algorithm combines the mapping and localization phases into a parallel pro-
cess and makes the dedicated mapping phase unnecessary. The MagSLAM
implementation extends the existing FootSLAM system [AR12] by a mag-
netic component. Our implementation was able to achieve a localization
error in the range of 15 cm, and we showed convergence of the algorithm
in multiple indoor settings. We consider the presented results to be strong
evidence that it is possible to provide a scalable and accurate localization
also without a prior map, using only measurements of the ambient magnetic
field and pedestrian odometry. To our knowledge, magnetic-field assisted
localization on a high-accuracy map as well as pedestrian magnetic SLAM
have never been implemented before, and this work was the first time that
these systems have been demonstrated.

We envision a rich set of application scenarios for the methods and algorithms
we have developed. Depending on the scenario, a different implementation
can make sense. In robotic applications, for example automated warehouses,
or generally in areas of limited extend, a system based on a separate map-
ping phase is feasible. The mapping could be undertaken by floor cleaning
or dedicated mapping robots, and the resulting maps could then be shared
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with other robotic or human users of the building. Targeted re-mapping or a
“mild” form of SLAM should be sufficient to keep maps updated by incorpo-
rating newly accessible regions or changes in the field due to moved, added
or removed steel structures.

Certain professional applications, for example tracking fire fighters in a burn-
ing and smoke filled building, have different requirements. Here the map is
not available a priori, and must be constructed at the time of usage. These
applications are characterized by a low number of moving entities that pro-
duce long connected trails of data, which are a good fit for a online SLAM
system. Additionally, the users can be equipped with specialized equipment
and sufficient power supply, which simplifies the data collection.

The most difficult application domain is the consumer market. In this case,
the target areas can be large, and a wide range of devices and sensors are
used. Additionally, battery consumption is very important. But especially
in the consumer area, a magnetic-assisted localization system has several ad-
vantages compared to other systems with similar location accuracy, especially
visual navigation systems. First, our approach is substantially less privacy
invasive than camera based systems and is able to work inside a pocket. Sec-
ond, a magnetic system requires less power, as magnetic sensors consume
orders of magnitude less power than cameras, and processing the sensor data
requires much less computational effort. Finally, the availability of magnetic
sensors is very high, due to their small size and low cost they are available
in almost every mobile device.

Arguably the most impactful extension of our work will be the develop-
ment of a magnetic localization system with global coverage for pedestrian
navigation on smartphones. This requires some changes and further research
compared to the systems presented in this work. The odometry needs to be
calculated based on sensors that are placed on a phone which is usually car-
ried in hand or in a pocket. This requires we replace ZUPT-based algorithms
which are designed for sensors attached to the foot with less accuracte step-
counting or strap-down algorithms that work without ZUPTs. Additionally,
the magnetic sensor is located further away from the sources of field distor-
tions in the ground, which results in a less-modulated signal. Due to the
ubiquitous presence of the geomagnetic field, this approach is able to work
globally without the need to roll out specific infrastructure. But in order
to achieve global coverage, a mapping-based approach with dedicated map-
ping platforms would require a labor-intense effort and substantial time and
other resources. A more promising approach is to employ crowd-sourcing



110 CHAPTER 6. CONCLUSIONS AND FURTHER WORK

of the magnetic field data, and make use of the billions of mobile devices
that are already moving through the magnetic space today. Combined with
a system that provides coarse initial location with a reference to a global
coordinate system, for example satellite navigation systems or a data base
of WiFi Access Points, a high-precision system with global coverage appears
to be realizable in the near future.

Research around the utilization of the magnetic field still has many oppor-
tunities to improve magnetic localization beyond the work in this thesis.
A main topic of interest is the representation of the magnetic field and its
probabilistic modeling. While a simple intensity-based representation of the
magnetic field already yields very good results, further work should address
extending the use of the full three-dimensional magnetic field vector. This
has the potential to not only improve location estimation, but especially help
with attitude estimation. As the magnetic field is a widely used reference
signal for the horizontal orientation, knowing local distortions should help
to reduce attitude errors dramatically. This is especially important around
the use of Augmented Reality (AR) and Virtual Reality (VR), which require
a highly accurate and stable attitude estimation, even when the device is
moved through a space that is magnetically distorted. With the availability
of highly accurate magnetic correction maps, sensor fusion algorithms can be
adapted to use much more reliable magnetic measurements.

Further work is needed to find more suitable data representations and meth-
ods to compress magnetic map data, which is necessary for efficient transmis-
sion and storage on mobile devices, especially compared to the much sparser
signals used in WiFi-based systems. Related to this, the probabilistic mod-
els of the magnetic field can be further adapted and specialized toward its
properties in indoor environments. We have seen some correlation in the
maps between the direction of the magnetic field and the orientation of the
building. A detailed look into the physical properties of the field and its
interactions with the surrounding structure and extending the experimental
area to multiple types of buildings can provide further insight and make use
of this phenomenon. Additionally, improved interpolation and extrapolation
methods are desirable to reduce the spatial coverage required to construct a
map.

In this work we focused on a stationary field, but extending the maps to
include components at higher frequencies can further increase the value of
magnetic maps. Power lines and electric machinery are visible in the mag-
netic signal and can provide additional landmarks for navigation. We focused
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on indoor areas in this work, as we think the magnetic field has the great-
est potential to help in these environments. But the magnetic field can also
be useful in outdoor areas, especially urban canyons with problematic re-
ception of satellite signals. These areas still contain relevant amounts of
metal, such as light posts, manhole covers or water pipes. Obviously they
also have additional problems, such as cars and other mobile magnetic ob-
jects. Other environments that have a potential use include maintenance
robotics for example in pipelines or other critical infrastructure. As the dis-
tance from buildings and other metal-infused structures increases, the usable
signal fades away. An interesting field of further research would be to use
sensors of much higher accuracy that can measure even very small changes in
the magnetic field, which could extend magnetic maps to wide outdoor areas.

Since the magnetic field reveals a lot about the environment, it has potential
far beyond the use for localization purposes. Hence we hope that this work
will also serve as an inspiration for other researchers to take a deeper look
into the hidden and fascinating world of the magnetic field around us.
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Appendix A

Geomagnetic Field at
Experimental Sites

Table A.1: Geomagnetic field at experimental sites as of 01/01/2015 with

Field strength [nT], Declination [◦] east of north , Inclination [◦] (below horizon)

Name F D I Lat, Lng Data Source

DLR Lab 48236 2.7 64.13 48.085, 11.278 WMM

FUR 48256 2.7 48.165, 11.276 Observatory

Residential Apt. 48267 2.7 64.2 48.139, 11.530 WMM

Building Fig. 5.28 52266 -14.82 67.39 42.361, -71.091 WMM

Data Sources: WMM: [CMA+15], Observatory: [FFB]
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Appendix B

Probability Distributions

In this section we describe the probability distributions that are used within
this thesis.

B.1 Normal Distribution

The normal distribution is defined as

N (x|µ, σ) =
1√

2σ2π
e−

(x−µ)2

2σ2 (B.1)

with mean µ, standard deviation σ, variance σ2 and precision λ = 1/σ2.

B.2 Student’s T-Distribution

Tν(x | µ, σ2) =
Γ(ν+1

2
)

Γ(ν
2
)
√
πνσ

(
1 +

1

ν

(
x− µ
σ

)2
)− ν+1

2

(B.2)

where Γ is the gamma function, ν > 0 is the degrees of freedom, σ2 is the
scale parameter. The mean is µ and the variance is νσ2/(ν − 2) for ν > 2.
An alternative notation is using the inverse scale λ = 1/σ2.

Tν(x | µ, λ) =
Γ(ν+1

2
)

Γ(ν
2
)

√
λ

πν

(
1 +

λ(x− µ)2

ν

)− ν+1
2

(B.3)

B.3 Gamma Distribution

G(x|α, β) =
βα

Γ(α)
xα−1e−xβ (B.4)
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with x > 0 where, α > 0 is called shape, β > 0 is called rate (inverse scale).
The mean is a/b, the variance is a/b2.

B.4 Normal-Gamma Distribution

NG(x, λ|µ0, κ0, α0, β0) = N (x|µ0, (κ0λ)−1)G(λ|α0, β0)

=
βα0

0

√
κ0

Γ(α0)
√

2π
λα0− 1

2 e−β0λe−
κ0λ(x−µ0)

2

2 (B.5)



Appendix C

Additional Related Work

This section provides additional background information on the mapping
and modeling of the geomagnetic field. It also gives a short overview of
magnetoception in biology.

C.1 Mapping Magnetic Fields

Humans have been mapping certain aspects of the magnetic field for cen-
turies. Besides scientific curiosity, the first main motivation and source of
financial support was the use for navigation. As a widely used tool in nau-
tical navigation, compass measurements had to be related to distortions in
the geomagnetic field, which created the need for large scale mapping of that
field. The first mission to create a map of large scale magnetic field variations
was led by Edward Halley in 1701 [Mur12] and created the foundation for
reliable navigation in large areas of the oceans. The outcome of this mission
was an isogonic map, a map of constant magnetic declination (see Fig. D.1 in
the Appendix). Since then, magnetic field maps have been extended to many
more use cases, generating the need for more comprehensive and extensive
maps. Today, satellites are used to provide global coverage, as they carry
sensors at very high altitudes and can cover a huge area over time. Several
satellite missions have been conducted in the recent decades (see table C.1).

As an example, the payload of the Ørsted satellite consisted of an overhauser
magnetometer, which is mounted on a 8m beam and measures the magnetic
field intensity with a very high precision. It also includes a fluxgate sensor
closer to the satellite body, which measures the full three-dimensional vector
of the magnetic field. SWARM1 is a satellite constellation consisting of three
satellites that was recently launched by the European Space Agency (ESA).

1http://www.esa.int/Our_Activities/Observing_the_Earth/Swarm
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Table C.1: Some satellite missions measuring the geomagnetic field

Mission Name Launch date Launched by

Sputnik-3 1958 Russia

Magsat 1979 USA

OGO2 / POGO 1965 USA

Astrid-2 1998 Sweden

Ørsted 1999 Denmark

CHAMP 2000 Germany

SAC-S 2000 Multinational

SWARM 2013 European Space Agency (ESA)

On a smaller scale, measurements on mobile platforms like airplanes and
ships have been conducted. The first measurements were done for military
purposes already in the mid 20th century. The US Navy started project
MAGNET, and in Russia the Ramenskoye Design Company created a mag-
netic model during the years 1974-76. The described methods provide high-
coverage, but only infrequently-repeatable measurements.The opposite, re-
peated measurements at specific locations is provided by magnetic observa-
tories, which continuously gather high accuracy magnetic measurements at
a fixed location. Intermagnet (http://www.intermagnet.org) is the global
network of observatories that regularly publish their measurements. Newer
efforts try to use sensors embedded in mobile devices, for example the Crowd-
Mag app developed by NOAA [Cro].

Using the collected data, models for the magnetic field are generated and
published. These have to be revised regularly due to permanently occur-
ring changes in the geomagnetic field. The most common models, the World
Magnetic Model (WMM) [CMA+15] and the International Geomagnetic Ref-
erence Field (IGRF), are updated every five years to accommodate for this.
The WMM is produced by the National Geophysical Data Center (NGDC)
and the British Geological Survey, and is used by several governmental or-
ganizations (US and UK departments of defense, NATO, IHO, FAA). The
IGRF is provided by the scientific community and provides models reaching
back to the year 1900. An overview of geomagnetic models can be found in
[Mag]. The models provide information about declination, inclination (the
horizontal angle of the field), and field strength on a global scale.
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Other publications provide more detailed maps for limited areas, such as
the one in Fig. C.1 for the State of Iowa. Local observations of the magnetic
field also have a use in other commercial applications, like mineral and hy-
drocarbon prospecting; research projects, like surveying archaeological sites;
or safety and security, for example land-mine removal and the search for un-
exploded ordnance [WO06].

Figure C.1: Magnetic anomalies in Iowa (Range ≈ 1 µT). Source: USGS

C.2 Magnetoception

Since we have chosen the magnetic field to be the physical phenomenon to be
used for our localization approaches, we are particularly interested in research
that has already investigated its spatial properties and how they can be ex-
ploited. It turns out that in addition to researchers in physics and engineering
disciplines, biologists are discovering the unexpected importance of the mag-
netic field for a range of living organisms. These results are not only inspiring
but provide actual hints on how the magnetic field can be used for purposes
such as orientation or navigation. Johnsen and Lohmann [JL05] describe the

https://pubs.usgs.gov/ds/2005/135/iowa.htm
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physics and neurobiology of magnetoception, Kirschvink and Gold [KG81]
describe how biogenic magnetites help animals to detect magnetic fields, and
Wiltschko [WW05] describes how animals use the magnetic field in different
ways for orientation, while Kirschvink et al. [KWW10] propose methodolog-
ical improvements for experimental studies of magnetic sensing from animals.

Several researchers look at individual species and analyze their use of the
geomagnetic field.

• Desert Ants (Cataglyphis bicolor) use magnetic landmarks to find their
nests [BHK12]

• Fleissner et al. [FHRH+03] analyze superparamagneticmagnetite (SPM)
crystals in the beak of homing pigeons

• Meyer et al. [MHP05] demonstrate that sharks can detect changes in
the magnetic field

• Lohmann and Lohmann [LL96] describe the detection of magnetic field
intensity by sea turtles (Caretta caretta)

• Other authors describe the magnetoceptive abilities of Monarch But-
terflies (Danaus Plexippus) [GGR14], the Red Fox (Vulpes Vulpes)
[ČBK+11], Salmon (Oncorhynchus tshawytscha) [PLP+13] and Gum-
boot Chiton [Low62]



Appendix D

Additional Figures

Figure D.1: Declination map with markings of Edmund Halley’s measure-
ments in 1701 [Mur12].

121



122 APPENDIX D. ADDITIONAL FIGURES

U
S/U

K W
orld M

agnetic M
odel - Epoch 2015.0

M
ain Field D

eclination (D
)

M
ap developed by N

O
A

A
/N

G
D

C &
 CIRES

http://ngdc.noaa.gov/geom
ag/W

M
M

M
ap review

ed by N
G

A
 and BG

S
Published D

ecem
ber 2014

M
ain �eld declination (D

)
Contour interval: 2 degrees, red contours positive (east); blue negative (w

est); green (agonic) zero line.
M

ercator Projection.
      : Position of dip poles
j

kj

20

-10

10

0

-80-90

20

10

0

-10

-20

-30

-40

-50

-60

-70

0
-30

-70

70 60 50 40 30 20

10

0

-10

-20

-20

-10

0

10

20

-10

-30

-30

-40

-50

80

90
80

70 60
50

40

30

20

10

0

10

10 0

-10

-20

-10

-10

0

0

70°N
70°N

70°S
70°S

180°

180°

180°
135°E

135°E

90°E

90°E

45°E

45°E

0° 0°

45°W

45°W

90°W

90°W

135°W

135°W

60°N
60°N

45°N
45°N

30°N
30°N

15°N
15°N

0°
0°

15°S
15°S

30°S
30°S

45°S
45°S

60°S
60°S

F
igu

re
D

.2:
D

eclin
ation

m
ap

accord
in

g
to

th
e

W
orld

M
agn

etic
M

o
d
el

(2015).
[W

M
M

a]



123

kj

80

60 40 20

0 -2
0 -4
0 -6
0 -8

0

60

40

20 0

-2
0

-4
0

-6
0

-80

80

60

40

20

0 -2
0

-40

-6
0

60

40 20

0 -2
0

-4
0

-60

-60

-60

-6
0

70
°N

70
°N

70
°S

70
°S

18
0°

18
0°

18
0°

13
5°

E

13
5°

E

90
°E

90
°E

45
°E

45
°E

0°0°

45
°W

45
°W

90
°W

90
°W

13
5°

W

13
5°

W

60
°N

60
°N

45
°N

45
°N

30
°N

30
°N

15
°N

15
°N

0°
0°

15
°S

15
°S

30
°S

30
°S

45
°S

45
°S

60
°S

60
°S

U
S/

U
K 

W
or

ld
 M

ag
ne

ti
c 

M
od

el
 - 

Ep
oc

h 
20

15
.0

M
ai

n 
Fi

el
d 

In
cl

in
at

io
n 

(I)

M
ap

 d
ev

el
op

ed
 b

y 
N

O
A

A
/N

G
D

C 
&

 C
IR

ES
ht

tp
://

ng
dc

.n
oa

a.
go

v/
ge

om
ag

/W
M

M
M

ap
 re

vi
ew

ed
 b

y 
N

G
A

 a
nd

 B
G

S
Pu

bl
is

he
d 

D
ec

em
be

r 2
01

4

M
ai

n 
�e

ld
 in

cl
in

at
io

n 
(I)

Co
nt

ou
r i

nt
er

va
l: 

2 
de

gr
ee

s, 
re

d 
co

nt
ou

rs
 p

os
iti

ve
 (d

ow
n)

; b
lu

e 
ne

ga
tiv

e 
(u

p)
; g

re
en

 z
er

o 
lin

e.
M

er
ca

to
r P

ro
je

ct
io

n.
   

   
: P

os
iti

on
 o

f d
ip

 p
ol

es
j

F
ig

u
re

D
.3

:
In

cl
in

at
io

n
m

ap
ac

co
rd

in
g

to
th

e
W

or
ld

M
ag

n
et

ic
M

o
d
el

(2
01

5)
.

[W
M

M
b
]



124 APPENDIX D. ADDITIONAL FIGURES

kj

55000

65000 60000 55000

50000

45000

40000 35000

55000

50000

45000

40000

35000

50000

45000
40000

35000

30000

25000

60000

55000

50000

45000

40000

35000

30000

25000

60000

55000500004500040000

5000045000400003500030000

40000

35000

35000

30000

35000

70°N
70°N

70°S
70°S

180°

180°

180°
135°E

135°E

90°E

90°E

45°E

45°E

0° 0°

45°W

45°W

90°W

90°W

135°W

135°W

60°N
60°N

45°N
45°N

30°N
30°N

15°N
15°N

0°
0°

15°S
15°S

30°S
30°S

45°S
45°S

60°S
60°S

U
S/U

K W
orld M

agnetic M
odel - Epoch 2015.0

M
ain Field Total Intensity (F)

M
ap developed by N

O
A

A
/N

G
D

C &
 CIRES

http://ngdc.noaa.gov/geom
ag/W

M
M

M
ap review

ed by N
G

A
 and BG

S
Published D

ecem
ber 2014

M
ain Field Total Intensity (F)

Contour interval: 1000 nT.
M

ercator Projection.
      : Position of dip poles
j

F
igu

re
D

.4:
F

ield
stren

gth
m

ap
accord

in
g

to
W

orld
M

agn
etic

M
o
d
el

(2015).
S
ou

rce:
N

O
A

A

http://www.ngdc.noaa.gov/geomag/WMM/data/WMM2015/WMM2015_F_MERC.pdf


List of Figures

3.1 Rotational coordinate frame conversions. Rotation matrix RP
S

for example is describing the rotation from sensor to platform
frame. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

3.2 Geometric dimensions in our employed robotic platform as
required for odometry calculation with equation 3.6 [DGS07]. . 23

3.3 Bayesian Network example: (B ⊥ C | A). . . . . . . . . . . . . 26

3.4 Dynamic Bayesian Network (DBN) for a time-variant state X. 27

3.5 Dynamic Bayesian Network (DBN) for a generic Monte Carlo
Localizer with time-variant state X, control input U and mea-
surement Z. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.6 Dynamic Bayesian Network (DBN) for the SLAM problem,
with a time-invariant map M . . . . . . . . . . . . . . . . . . 31

3.7 FootSLAM DBN with physical environment map M [RAK09]. 32

3.8 Magnetic hysteresis with coercitivity HC and retentivity BR.
Soft iron materials have a low HC , hard iron materials a high
HC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.9 Schematic Illustration of the Geomagnetic Field [Rei]. . . . . . 37

3.10 Global Declination Map (WMM 2015) [WMMa]. See Fig. D.2
for a full page version. . . . . . . . . . . . . . . . . . . . . . . 38

3.11 Global Inclination Map (WMM 2015) [WMMb]. See Fig. D.3
for a full page version. . . . . . . . . . . . . . . . . . . . . . . 39

3.12 Monthly variation of the geomagnetic field strength in Fürsten-
feldbruck, Germany (02/2016) [FFB]. Scale in nT. . . . . . . . 40

3.13 Change of geomagnetic declination from 1590 to 1990 [USG]. . 41

3.14 The geometry of reinforcing steel structures in modern build-
ing structures is intricate and creates complex distortions in
the magnetic field. The spatial frequencies of these distortions
are closely related to the geometry of the steel structures and
generally have the same scale. . . . . . . . . . . . . . . . . . . 42

125



126 LIST OF FIGURES

3.15 Comparison of the scales of different magnetic variations. The
signal caused by building materials is orders of magnitude
stronger than short-term temporal and geographic variations
of the geomagnetic field. . . . . . . . . . . . . . . . . . . . . . 43

3.16 Mechanisms used in different types of magnetic sensors. . . . . 45

3.17 2D ellipse fit with offset vector b and scale factor matrix S. . . 48

4.1 Definition of roll, pitch and yaw axes. . . . . . . . . . . . . . . 51

4.2 Hierarchical bin map as introduced in [RFA+13]. c©IEEE 2013 55

4.3 Dynamic Bayesian Network (DBN) with magnetic environ-
ment map B and ground truth position ZP modeling the map-
ping phase. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

4.4 Dynamic Bayesian Network (DBN) with magnetic environ-
ment map B for the localization phase. . . . . . . . . . . . . . 59

4.5 Dynamic Bayesian Network (DBN) with physical environment
map M and magnetic environment map B (based on Fig. 3.7)
[RFA+13]. c©IEEE 2013 . . . . . . . . . . . . . . . . . . . . . 65

5.1 Sensor package including three-axis magnetometer, accelerom-
eter and gyroscope. The orientation of the axes of the sensor
frame is shown. . . . . . . . . . . . . . . . . . . . . . . . . . . 74

5.2 Result of a calibration run using the sphere fit algorithm. The
algorithm results in three offset values [32053, 33241, 32994]
and the sphere radius [7829]. All data are measured in sensor
units and can be fit to the real field vector if that is known. . 75

5.3 Robotic platform with sensor arm in a calibrated projection of
the magnetic field intensity in the DLR lab [FAL+13]. c©IEEE
2013 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

5.4 Comparison of magnetic sensor placement on the robotic plat-
form. While some signal from the motors can be seen in sensor
A’s measurements, the scale of the motor signal is negligible
compared to the total measured signal. Note that the signa-
ture is similar for both sensors, shifted in time, as the robot
was moving forward. . . . . . . . . . . . . . . . . . . . . . . . 78

5.5 A pedestrian performs a measurement walk with a shoe mounted
MTw sensor and equipped with reflective markers for tracking
[FAL+13]. c©IEEE 2013 . . . . . . . . . . . . . . . . . . . . . 79

5.6 The projection of the magnetic field intensity map with the
robotic platform in the DLR lab. . . . . . . . . . . . . . . . . 79

5.7 The tackle used for the manual mapping of the magnetic field. 81



LIST OF FIGURES 127

5.8 Map of the magnetic field intensity at ground level within
DLR’s motion capture laboratory with a spatial resolution of
1 cm [FAL+13]. c©IEEE 2013 . . . . . . . . . . . . . . . . . . 81

5.9 The horizontal component (Bx, By) of the magnetic field at
ground level within DLR’s motion capture laboratory. The
color scale is identical to Fig. 5.8. Note that the density of
the field lines is an artifact of the plotting library and not
representative of the real field [FAL+13]. c©IEEE 2013 . . . . 82

5.10 Histogram of the directions of the horizontal component (Bx, By)
of the magnetic field at ground level within the DLR lab, sam-
pled on a 1 cm grid. The green line denotes magnetic north,
black solid lines the orientation of the main axes of the sur-
rounding building [FAL+13]. c©IEEE 2013 . . . . . . . . . . . 83

5.11 Magnetic field spectrum of one sensor axis over time, measured
while moving the sensor along a corridor [AFD+12]. c©IEEE
2012 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

5.12 Magnetic field intensity over multiple heights in the DLR Lab
(0.7 m, 1.0 m and 1.3 m above ground). Axes units are mm.
Note that the color range is differing from Fig. 5.8 and 5.9 . . 85

5.13 Ground truth and odometry trajectories for a pedestrian lo-
calization run. The background lines show the complete tra-
jectories while the bold lines show an short extract. The dots
show intermediate position samples of the pedestrian’s foot
[FAL+13]. c©IEEE 2013 . . . . . . . . . . . . . . . . . . . . . 88

5.14 Error values for a legged locomotion run of 1020 seconds us-
ing the intensity-based likelihood function. The bottom plot
shows a magnified view [FAL+13]. c©IEEE 2013 . . . . . . . . 89

5.15 Screenshot of a video showing the pedestrian localization ex-
periment. The box on the left shows the particle filter’s state,
which is also projected onto the ground in the video frame on
the right [FAL+13]. https://youtu.be/eavk1akiLV4 . . . . . 89

5.16 Ground truth and odometry trajectories for a robot localiza-
tion run. The background lines show the complete trajectories
while the bold lines show an extract. The arrows show inter-
mediate position and heading samples of the robot [FAL+13].
c©IEEE 2013 . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

5.17 Error over time for a robot location run of 2000 seconds us-
ing the intensity-based likelihood function. The bottom plot
shows a magnified view [FAL+13]. c©IEEE 2013 . . . . . . . . 91

5.18 Error over time for the same pedestrian locomotion run pro-
cessed with different map resolutions [FAL+13]. c©IEEE 2013 92

https://youtu.be/eavk1akiLV4


128 LIST OF FIGURES

5.19 This plot shows the relationship between grid size of the mag-
netic map and the resulting error of the particle filter localiza-
tion algorithm. The higher error for the 1cm grid is caused by
time-synchronization errors between sensors and ground truth
system [FAL+13]. c©IEEE 2013 . . . . . . . . . . . . . . . . . 92

5.20 Error values during six pedestrian locomotion runs for three
different representations of the magnetic field (intensity, hor-
izontal and vertical components and all three vector compo-
nents) [FAL+13]. c©IEEE 2013 . . . . . . . . . . . . . . . . . 93

5.21 Zoom into two interesting segments of Fig. 5.20. The left side
shows the initialization phase of the particle filter, and the
right side shows a period with a temporary increase in error
is shown. In both cases the vector representation leads to a
smaller error [FAL+13]. c©IEEE 2013 . . . . . . . . . . . . . . 94

5.22 Error values for dataset D4 comparing FootSLAM with MagSLAM
(3 layers) [RFA+13]. c©IEEE 2013 . . . . . . . . . . . . . . . . 97

5.23 Top: ground truth magnetic field intensity from Fig. 5.8;
Bottom: four layer hexagon magnetic map corresponding to
dataset D4 with MagSLAM (4 Layers) and FootSLAM. The
color encodes the sample mean magnetic field intensities of the
maximum likelihood particle at the end of the walk (z̄

[g,h]
k ),

where red encodes higher intensities [RFA+13]. c©IEEE 2013 . 99

5.24 Error over time when visiting the reference point for the walk
in a residential flat using different configurations and combi-
nations of MagSLAM and FootSLAM [RFA+13]. c©IEEE 2013 100

5.25 Error values for the walk in a residential flat using different
configurations and combinations of MagSLAM and FootSLAM
after removing the mean of the location at the 13 reference
time instances [RFA+13]. c©IEEE 2013 . . . . . . . . . . . . . 101

5.26 Example of the three layer hexagon map overlayed on the
available floor plan (including furniture) of the author’s apart-
ment. The color encodes the sample mean magnetic field in-
tensities of the maximum likelihood particle at the end of the
walk (z̄

[g,h]
k ), where red encodes higher intensities [RFA+13].

c©IEEE 2013 . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

5.27 Resulting MagSLAM map for a large building with a single
long corridor and several offices [RFA+13]. c©IEEE 2013 . . . 102

5.28 Resulting MagSLAM map for a large building with two large
loops and non-rectilinear structure (scale in meters) [RFA+13].
c©IEEE 2013 . . . . . . . . . . . . . . . . . . . . . . . . . . . 103



LIST OF FIGURES 129

C.1 Magnetic anomalies in Iowa (Range ≈ 1 µT). Source: USGS . 119

D.1 Declination map with markings of Edmund Halley’s measure-
ments in 1701 [Mur12]. . . . . . . . . . . . . . . . . . . . . . . 121

D.2 Declination map according to the World Magnetic Model (2015).
[WMMa] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122

D.3 Inclination map according to the World Magnetic Model (2015).
[WMMb] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

D.4 Field strength map according to World Magnetic Model (2015).
Source: NOAA . . . . . . . . . . . . . . . . . . . . . . . . . . 124

https://pubs.usgs.gov/ds/2005/135/iowa.htm
http://www.ngdc.noaa.gov/geomag/WMM/data/WMM2015/WMM2015_F_MERC.pdf


130 LIST OF FIGURES



List of Tables

3.1 Categories of magnetic behavior and their permeability µr. . . 35

4.1 Parameter set used in the particle filter during the Localization
experiments. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

4.2 Parameter set used in the particle filter during the SLAM
experiments. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

4.3 Prior Hyper-parameters and sufficient statistics requirements
for different bin sizes. Note we always force |Z [g]|min = 0 for
the largest grid radius used in a particular configuration, so
that weight update will always take place. . . . . . . . . . . . 68

5.1 Error comparison for different map grid resolutions and likeli-
hood functions [FAL+13]. c©IEEE 2013 . . . . . . . . . . . . . 93

5.2 Average error [m] of four different walks (D1:4), and the av-
erage over all walks. Three layers implies r1 = 0.07 m, r2 =
0.15 m and r3 = 0.35 m; the fourth layer includes r4 = 0.75 m
[RFA+13]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

A.1 Geomagnetic field at experimental sites as of 01/01/2015 with

Field strength [nT], Declination [◦] east of north , Inclination [◦]
(below horizon) . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

C.1 Some satellite missions measuring the geomagnetic field . . . . 118

131



132 LIST OF TABLES



List of Algorithms

1 Bayes Filter [TBF05] . . . . . . . . . . . . . . . . . . . . . . . 29
2 Particle filter initialization for Localization . . . . . . . . . . . 60
3 Particle filter proposal for Localization . . . . . . . . . . . . . 60
4 Particle filter update and resampling for Localization . . . . . 62
5 Particle filter initialization for SLAM . . . . . . . . . . . . . . 66
6 Particle filter proposal for SLAM (Core) . . . . . . . . . . . . 67
7 Particle filter proposal for SLAM (Complete) . . . . . . . . . . 71
8 Particle filter update and resampling for SLAM . . . . . . . . 72

133



134 LIST OF ALGORITHMS



List of Acronyms

AC Alternating Current

AMR Anisotropic Magnetoresistive

AP WiFi Access Point

AR Augmented Reality

BLE Bluetooth Low Energy

CGS Centimeter Gram Second System of Units

DAG Directed Acyclic Graph

DBN Dynamic Bayesian Network

DC Direct Current

DLR Deutsches Zentrum für Luft- und Raumfahrt
/ German Aerospace Center

DOF Degrees of Freedom

EKF Extended Kalman Filter

ESA European Space Agency

FFB Fürstenfeldbruck

FUR Fürstenfeldbruck Observatory (IAGA Code)

GFE Geophysical Fields of the Earth

GMM Gaussian Mixture Model

GMR Giant Multilayer Magnetoresistance

GNSS Global Navigaton Satellite System

GPS Global Positioning System

HMM Hidden Markov Model

IAGA International Association of Geomagnetism
and Aeronomy

IMU Inertial Measurement Unit

INS Inertial Navigation System

135



136 List of Acronyms

ISM Industrial, Scientific, and Medical Radio Band

LIDAR Light Detection and Ranging

LTE Long-Term Evolution

MARU Magnetic Angular Rate Updates

MIT Massachussetts Institute of Technology

ML Machine Learning

NOAA National Oceanic and Atmospheric Adminis-
tration

PC Personal Computer

PDF Probabillity Density Function

PDR Pedestrian Dead Reckoning

PF Particle Filter

RFID Radio Frequency Identification

RGB-D Red Green Blue - Depth

ROS Robot Operating System

RTT Round Trip Time

RV Random Variable

SI Système international d’unités / International
System of Units

SLAM Simultaneous Localization and Mapping

SMCF Sequential Monte Carlo Filter

UKF Unscented Kalman Filter

USB Universal Serial Bus

USGS United States Geological Survey

UWB Ultrawideband

VOR VHF omni directional radio range

VR Virtual Reality

WGS84 World Geodetic System 1984

WMM World Magnetic Model

ZARU Zero Angular Rate Updates

ZUPT Zero Velocity Updates



List of Symbols and Operators

α0 Prior hyperparameter

bB Magnetic static offset error vector

bm Magnetic error vector

bn Magnetic noise error vector

BR Magnetic retentivity

bt True magnetic field vector

β0 Prior hyperparameter

B Magnetic flux density

B Magnetic Map (Random Variable (RV))

Cb Cross-coupling error matrix

χm Magnetic suszeptibility

E Cumulated odometry error (RV)

‖· · ·‖2 Euclidean Norm

g Grid index

G(x|α, β) Gamma distribution

{· · · }[g,h] Value in bin h of grid level g

H Magnetic field strength

HC Magnetic coercitivity

h Bin index

137



138 List of Symbols and Operators

Ienc Enclosed electric current

J Electric current density

Jm Magnetic polarization

κ0 Prior hyperparameter

λ Precision

M Magnetization

µ Mean

M Map (RV)

µ0 Magnetic permeability in vacuum

µ0 Prior hyperparameter

µr Relative magnetic permeability

N (µ, σ) Normal distribution

Nb Non-orthogonality matrix

NP Number of particles

Neff Number of effective particles

NG(µ, λ) Normal gamma distribution

∆p Pose threshold

p[i] Pose for particle i

Φ Magnetic flux

prot Pose vector - rotational part

P Pose (RV)

ptrans Pose vector - translational part

R Set of real numbers

rg Bin radius

RP
S Rotation Matrix for rotation from sensor

frame to platform frame



List of Symbols and Operators 139

s Measurement variance

Sb Scale factor error matrix

σ Standard Deviation

Sq Solar quiet day variations

T Tesla; SI unit of magnetic fied strength

t Time sample index

Tν(x | µ, σ2) Student’s t-distribution

TC Curie Temperature

Ts Sampling time interval

τ [i] Heading drift rate for particle i

Θ[i] Heading for particle i

{· · · }1:t Sequence of events for times 1 to t

U Control Input; Odometry (RV)

u Control Input; Odometry

U(min,max) Uniform distribution

σ2 Variance

w[i] Weight of particle i

X Belief (RV)

Z Measurement (RV)

z Measurement

ZB Magnetic Field Measurement (RV)

ZU Odometry measurement (RV)

Z Subsequence of magnetic field measurements
in a bin



140 List of Symbols and Operators



List of own Publications

Puyol, Frassl, Robertson: Collaborative Mapping for Pedestrian Navigation
in Security Applications. 7th Security Research Conference, Future Security
2012, Sept. 2012

Angermann, Frassl, Doniec, Julian, Robertson: Characterization of the in-
door magnetic field for applications in Localization and Mapping. 2012 In-
ternational Conference on Indoor Positioning and Indoor Navigation (IPIN)
2012, Nov. 2012.

Robertson, Frassl, Angermann, Doniec, Julian, Puyol, Khider, Lichtenstern,
Bruno: Simultaneous Localization and Mapping for pedestrians using distor-
tions of the local magnetic field intensity in large indoor environments. In
2013 International Conference on Indoor Positioning and Indoor Navigation
(IPIN), Oct 2013.

Khider, Robertson, Frassl, Angermann, Bruno, Puyol, Diaz, Heirich: Char-
acterization of planar-intensity based heading likelihood functions in mag-
netically disturbed indoor environments In 2013 International Conference on
Indoor Positioning and Indoor Navigation (IPIN), Oct. 2013

Frassl, Angermann, Lichtenstern, Robertson, Julian, Doniec: Magnetic Maps
of Indoor Environments for Precise Localization of Legged and Non-legged Lo-
comotion. In 2013 IEEE/RSJ International Conference on Intelligent Robots
and Systems (IROS), pages 913920, Nov 2013.

Ruiz, Angermann, Wieser, Frassl, Mueller: Efficient multi-agent exploration
with gaussian processes. In 2014 Australasian Conference on Robotics and
Automation (ACRA), Dec. 2014

Wieser, Ruiz, Frassl, Angermann, Mueller, Lichtenstern: Autonomous robotic
SLAM-based indoor navigation for high resolution sampling with complete
coverage In 2014 IEEE/ION Position, Location and Navigation Symposium
(PLANS), May 2014

141



142 List of Symbols and Operators



Bibliography

[AFD+12] M. Angermann, M. Frassl, M. Doniec, B.J. Julian, and
P. Robertson. Characterization of the indoor magnetic field for
applications in localization and mapping. In Indoor Positioning
and Indoor Navigation (IPIN), 2012 International Conference
on, pages 1–9, November 2012.

[AMGC02] M.S. Arulampalam, S. Maskell, N. Gordon, and T. Clapp. A
tutorial on particle filters for online nonlinear/non-gaussian
bayesian tracking. IEEE Transactions on signal processing,
50(2):174–188, 2002.

[AR12] M. Angermann and P. Robertson. FootSLAM: Pedestrian si-
multaneous localization and mapping without exteroceptive
sensors - hitchhiking on human perception and cognition. Pro-
ceedings of the IEEE, 100(Special Centennial Issue):1840–1848,
May 2012.

[ARKK10] M. Angermann, P. Robertson, T. Kemptner, and M. Khider.
A high precision reference data set for pedestrian navigation
using foot-mounted inertial sensors. In Indoor Positioning and
Indoor Navigation (IPIN), 2010 International Conference on,
pages 1–6. IEEE, 2010.

[ARL11a] M.H. Afzal, V. Renaudin, and G. Lachapelle. Magnetic field
based heading estimation for pedestrian navigation environ-
ments. In Indoor Positioning and Indoor Navigation (IPIN),
2011 International Conference on, pages 1–10. IEEE, 2011.

[ARL11b] M.H. Afzal, V. Renaudin, and G. Lachapelle. Use of earths mag-
netic field for mitigating gyroscope errors regardless of magnetic
perturbation. Sensors, 11(12):11390–11414, 2011.

[ASE18] A. Ayanoglu, D.M. Schneider, and B. Eitel. Crowdsourcing-
based magnetic map generation for indoor localization. In

143



144 BIBLIOGRAPHY

2018 International Conference on Indoor Positioning and In-
door Navigation (IPIN), pages 1–8, Sep. 2018.

[BA11] J. Bird and D. Arden. Indoor navigation with foot-mounted
strapdown inertial navigation and magnetic sensors [emerging
opportunities for localization and tracking]. Wireless Commu-
nications, IEEE, 18(2):28 –35, April 2011.

[BDW06] T. Bailey and H. Durrant-Whyte. Simultaneous localization and
mapping (SLAM): part II. IEEE Robotics Automation Maga-
zine, 13(3):108–117, September 2006.

[BHK12] C. Buehlmann, B.S. Hansson, and M. Knaden. Desert ants learn
vibration and magnetic landmarks. PLoS One, 7(3):e33117,
March 2012.

[BP00] P. Bahl and V.N. Padmanabhan. Radar: An in-building RF-
based user location and tracking system. In Proceedings IEEE
INFOCOM 2000. Conference on Computer Communications.
Nineteenth Annual Joint Conference of the IEEE Computer
and Communications Societies, volume 2, pages 775–784. IEEE,
2000.

[BR11] L. Bruno and P. Robertson. WiSLAM: Improving FootSLAM
with WiFi. In Indoor Positioning and Indoor Navigation
(IPIN), 2011 International Conference on, pages 1–10. IEEE,
2011.

[BSA16] L. Banin, U. Schatzberg, and Y. Amizur. WiFi FTM and map
information fusion for accurate positioning. In Indoor Position-
ing and Indoor Navigation (IPIN), 2016 International Confer-
ence on. IEEE, 2016.

[Cam01] W.H. Campbell. Earth Magnetism: A Guided Tour
Through Magnetic Fields. Complementary science series. Har-
court/Academic Press, 2001.
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