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Abstract

The development of the Global Navigation Satellite Systems (GNSS) has offered
the users the applications for car navigation, surveying and for other outdoor needs.
While these outdoor services have now been available for over a decade, the users
have started to demand more. Indoor positioning has thus emerged as a new field
that challenges the old ways of doing things. Instead of the paper and the billboard
maps, a demand for the digitized versions has become obvious. And together with
the digital maps, the demand for the indoor positioning technologies has increased.
The receivers of the GNSS systems function well in the open outdoor areas. But
when indoors, in urban canyons or under the trees, the regular GNSS receivers are
not able to reliably provide a positioning solution.

This thesis answers the questions on which of the alternative technologies and
methods are available and can solve this challenge. The development and testing
of a novel seamless positioning system helps to explore the current status. This

study reveals how accurate the different positioning technologies are and which of



the technologies seem to be the most suitable.

The sensor technology types that can be used for positioning are many. The
GNSS infrastructure maintenance is costly. GNSS positioning has been studied
and developed for multiple decades. The focus shifted from military use into the
public use after the change of the millennium. In comparison, the indoor positioning
technologies have not yet received similar scale support. This is mostly due to the
challenge that the indoor and urban areas pose.

Indoors, the RF signals attenuate due to the walls made of varying materials
and with different thicknesses. The Wi-Fi technology has been the first potential
help for indoor localisation. The existing infrastructure makes it the most attrac-
tive, in terms of deployment. According to the literature review study though, the
Bluetooth low energy (BLE) and the Ultra-wideband (UWB) technologies are the
better options for ease of deployment and accuracy, respectively.

A combination of outdoor and indoor positioning technologies demands infer-
ence processes for a reliable detection of the current environment. Recording the
sensors and examining the change in quality and the current sensor measurement
consistencies and availability, are the inputs for these context detection processes. A
proven inference process is shown in this thesis that handles the basic indoor-outdoor
switching scenarios for pedestrians.

When the user approaches an entrance of a building, the designed system changes
its state into a preparatory state, enabling indoor and outdoor switch detection

processes. This indoor/ outdoor switching scenario is handled by a context engine.



Using a context engine in the implementation represents a novel approach that
will help future application designers to use and develop more reliable indoor and
outdoor navigation systems.

The information fusion is the final phase in the positioning solution derivation
process. The positioning technologies that have the deployed infrastructure within
the areas of interest, will provide individual positioning solutions. It is the mobile
devices’ responsibility to check the available positioning technology options and to
pick and to combine the best available information for the context, derived by the
context inference engine.

The best methods for processing a positioning solution vary between the posi-
tioning technologies. The main methods are examined and the best are chosen and
used in the final implementation. The path-loss modelling is the faster method when
using BLE. It is slightly more advantageous, although slightly less accurate, when
compared with the very laborious Fingerprinting alternative. For an UWB system,
the accurate timing method is the better option over the signal strength measures.

These sensor subsystems produce the positioning solutions that are of different
quality. The fusion filter is then the motor, where the information fusion of these
subsystems happens. For the fusion, multiple methods exist. Accuracy and compu-
tational efficiency are the driving factors in this process of continuous development
of an ultimate seamless navigation system.

A truly seamless navigation system uses the best available sensors and methods

in the derivation of the most accurate positioning solution. This acquisition relies



on the context inference process. The system adapts to all contexts throughout the
navigation process. The developed novel seamless positioning system in this thesis
was implemented successfully and was proven to operate correctly. The accuracy of
the implemented system reaches a level below 4 metres (95%), outdoors. Indoors,
the accuracy reaches a level below 2 metres. The availability, the deployment and
the existing infrastructure are an issue to be tackled in the future.

The thesis work was conducted as a part of the Marie Curie Initial Training
Network project, named Multi-Pos. This project consisted of 15 researchers at
different locations in Europe. Part of the thesis is a result of the cooperation between
the project partners. Especially the parts of the work done on context detection and

the literature review were completed with common effort.
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Chapter 1

Introduction

The Global Navigation Satellite Systems (GNSS) offer the users positioning for
outdoors. As GNSS is not able to provide accurate positioning indoors, the re-
placement strategies are being researched. This thesis examines the challenges and
answers questions on which of the alternative technologies and methods can work
as a replacement.

One of the most promising alternative for an accurate short term navigation
solution provision comes by using the inertial sensors. The inertial navigation is
based on the dead reckoning. In the pedestrian navigation setups, the Inertial
Measurement Unit (IMU) is often strapped down onto a boot. The sensor readings
are used to construct the position trace by following a process called mechanisation.
The turn and acceleration of the boot are recorded at each epoch. The higher
the sampling resolution specification the more accurately the mechanisation can be

calculated.

24



CHAPTER 1. INTRODUCTION 25

The short term accuracy is good in the boot-mounted setup. If the sensor is, for
example in a pocket, the drift compensation becomes a greater challenge. The drift
can be compensated using for example the zero velocity updates. On the foot, the
zero velocity updates are more easily distinguished. In the pocket, the zero velocity
updates can’t be applied since the phone and the sensors in it are usually moving
all the time. The movement does not stop, like it does stop in the boot-mounted
setup.

The long term accuracy, using cheap GNSS receivers, is approximately a few
meters, when walking in an open area. Unfortunately, within the urban canyons
and forest paths, the position fix can’t sustain a similar level of accuracy.

Distinguishable characteristics can be noticed between these two technology
types (IMU & GNSS). The characteristics divide the two into the absolute and
the relative positioning technologies. The sensors can be divided also according to
the physical phenomena they measure. The chapter 2 of the thesis examines the
sensors that have been used previously for pedestrian navigation purposes. The
chapters 3 to 5 concentrate on the methods used for positioning, using the reviewed
technologies. Only the methods for the technologies that were found the most fit
for purposes of pedestrian navigation are examined.

The chapters 6 to 8 involve a design process exploiting the general building
blocks for a typical navigation system. A novel approach that separates the sensor
subsystem and the fusion process implementations from the top-level requirements

is used. This approach enables plug-and-play -ability for the future navigation



CHAPTER 1. INTRODUCTION 26

systems. Separate sensor manufacturers can design very different sensor subsystems
and still use them for the same fusion process design or vice versa, use the same
sensor subsystem for multiple sensor fusion implementations. The timing and data
interfaces between the sensor subsystems and the fusion design must have been
agreed in an adaptable manner.

The chapter 9 of the thesis presents a seamless design implementation using the
most fit sensors for the task, the most appropriate methods for the task and the most
relevant fusion processes for the task. The implementation is tested and evaluated.
Finally, in chapter 10 conclusions are made according to the behaviour of the tested

system.

1.1 Background

Many reviews on indoor positioning have been made previously. The latest such
as Brena et al. (2017), divide the sensor technologies by the physical features they
measure. A similar division was used by Mautz (2012).

In this thesis, the maps are considered as virtual sensors since they represent the
real-life features in the virtual equivalent. The static properties and features of the
environment make up the basic contents of the information in a map. These are
the walls, the doors and the possible furniture. In addition, the dynamic features
bring additional temporal information on the map objects. Ferreira et al. (2012)

introduces moving polygon structure. This brings interesting possibilities that can
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only be represented with digital maps. For example, a main door of a building could
have a characteristic that shows the time interval when it is passable.

The map represents objects in the environment. The tactile sensors are often a
part of this infrastructure. A capacitive sensing technology based floor or a mattress
that detects customers at the entrance can be placed into this map. Serra et al.
(2016) introduce how location can be tracked passively by the infrastructure.

The inertial sensors can track the inertial motion track of the object that it is
attached to. Harle (2013) examines the variety of location tracking methods using
inertial sensors. An inertial sensor measures the sensor acceleration and turn rates
around itself.

The CRICKET system is an example of a sound based localisation system. Wal-
ter & Schweinzer (2014) used sound waves for object form detection in a small
constrained test setup area. Bai et al. (2013) measured the air pressure instead of
sound waves to detect the floor level.

The Global Navigation Satellite System (GNSS) receivers record the RF signals
sent by the GNSS satellites. Four main global systems exist. GPS, GLONASS,
GALILEO and BEIDOU satellites send ranging signals. The receivers try to syn-
chronise a local copy with these. Pulsed pseudolites were used in the study conducted
by Kuusniemi et al. (2012). The pseudolites are ground based transmitters imitating
the GNSS satellites.

TV, mobile, radio, Wi-Fi, Bluetooth, Ultra-wideband are few of the protocols

that define the use of RF spectrum. Each has their distinctive properties. A signal
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strength and a time of arrival are the two main variables used for positioning pur-
poses. Many of the signals were designed for communications, although, nowadays
navigation purposes have been taken into account more and more.

A magnetic north can be measured using magnetometers, unless surrounding
infrastructure contains magnetically disturbing elements. Hao et al. (2010) used a
magnetometer for heading adjustments.

The camera based tracking methods use either infrared or visible light. The
process is often similar in between different imaging methods. First, the image
is acquired. Second, the features are extracted, like image markers were in the
test made by Mulloni et al. (2009). These features can be matched and analysed
with previously collected database or by inference methods. Calibration or other
necessary operations are then performed according to the current needs of the task.

A context Engine is the motor that controls the navigation solution derivation
process. The sensor readings can be recorded and then analysed. The analysis is
used in inferring the context based information. This means, for example, whether
the user is near to a sensor indoors, which can then be used to trigger indoor
settings for the filters. Kray & Kortuem (n.d.) lay down three different sources
of context information. The raw sensor measurements are the first option. The
parallel applications, like the calendar can also be used in provision of location
information. For example, if the scheduled meeting takes place in a known location,
then it can be used to initialise the first guess if the mobile device is opened without

any previous position information. Interaction with the user is the third source of
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context information.

Sensor fusion plays the final role in deriving the position solution. A Kalman
filter and a particle filter are the commonly used choices for fusing varying quality
sensor data. The Kalman filter is the faster option and it propagates a single state
vector. The particle filter, on the other hand, is a sequential Monte Carlo method as
described by Doucet et al. (2001). Both consist of the propagation and the update

phases.

1.2 Research Problem

The goals for the research were set within the scope and targets of the Marie Curie
Initial Training Network (ITN) project titled Multi-Pos. The stated research output
was to develop novel methods for multi-sensor integration for navigation applica-
tions. This was further specified to cover the pedestrian navigation primarily for
the following reasons.

On open outdoor areas, the Global Navigation Satellite Systems are able to
provide a positioning solution that is accurate enough for the needs of applications
like geocaching. For autonomous vehicles, the current receiver technologies and
methods are not yet quite accurate enough. This covers only research on the GNSS
receiver structure and used algorithms. Pedestrian navigation research, like friend
finding as mentioned by Basiri et al. (2014), is a promising research area as is

autonomous driving, in terms of market value. It is an obvious, next enhancement
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for the pedestrian services within an urban setting. Very few mobile applications
offer positioning aiding for shopping in malls or for searching a friend that is located
in the vicinity. The biggest problem is that no infrastructure for indoors yet exist,
as does GNSS for outdoors.

Trials on Wi-Fi are only good for proximity based applications. In order to
take steps forward, either a completely novel way for positioning indoors has to
be found or focus of effort be put on selecting the best technologies and methods
using the existing technologies. In this thesis, the latter approach is followed, since,
at present, no new technology seems to provide the "killer” solutions for indoor

positioning. This gives us the problem statement and research questions.

1. Which technologies are the most appropriate for urban pedestrian navigation?

2. Which methods are the most fit for these technologies?

3. What choices are there for getting the best navigation solution for pedestrians

in different environments?

After the initial study on existing systems and integration strategies, the research

questions are as follows.

1. What are the best technologies and methods for different environments and

contexts?

2. How to switch between technologies and methods for acquiring the best pos-

sible navigation solution?
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3. Are there new ways and approaches that can be used in the fusion process?

Using these questions, the formulation of research hypotheses follows next.

1.3 Research Hypotheses

The research hypotheses are postulated here to answer the research questions. The
first phase is to be able to assess the current technologies. The first hypothesis is
then the following.

1. Compare current technologies for indoor localisation in terms of
accuracy and select the most promising ones.

Related to this question are the methods that are used in the acquisition of the
most accurate solutions.

2. Compare the methods for the selected technologies in terms of
computational load.

The environment needs to be inferred by using all possible sensory information.
This leads to the third hypotheses.

3. Development of a reliable inference of different contexts using the
selected sensors. Preliminary tests need to be conducted for adequate
operation of the first prototype.

After this follows a design process for creating the novel seamless navigation
filter that would work indoors and outdoors without user intervention. Moreover,

the system should be able to switch sensory subsystems independent of the number
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of subsystems that are attached to it. This means that the plug-and-play style
approach is to be followed. Hypotheses accordingly are the following.

4. Design an autonomous seamless navigation system structure that
does not need user intervention while changing environment and context.

5. Design an autonomous seamless navigation system that enables
plug-and-play -ability.

6. Design and test a novel seamless multi-sensor pedestrian navigation
system for indoors and outdoors.

These hypotheses are the objectives of this research. The more detailed path

towards the objectives is explained next.

1.4 Research Aim, Objectives and Methods

Following on from the research hypotheses, the main aim for this research is: to
design, implement and test a novel multi-sensor fusion system that can offer a po-
sitioning solution for a pedestrian in a seamless fashion. This solution is derived
using the most fit sensors for the current context. Seamlessness is defined as an
autonomous navigation system that can operate both indoors and outdoors without
user intervention. The navigation solution is also acquired by using methods that
are the most computationally efficient for the current context.

Prior to the design of the novel seamless system, in chapter 2, the thesis starts

by presenting a literature survey on previous technologies that have been used for
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indoor positioning. GNSS is the obvious choice for outdoors. The information is
collected into a tabular form and the technologies analysed using the Analytical
Hierarchy Process method.

After this, in chapters 3 to 5, a further study is conducted on methods that are
used in deriving position solutions using the selected technologies. The selection
process is a straightforward elimination of the obviously weaker methods in terms
of accuracy.

Using the literature and defining common characteristics often seen in designs,
we then go forward in chapters 6 to 8, and create a novel multi-sensor fusion filter
designs. It is a collection of the best working parts and methods of the literature
survey. Moreover, promising ideas that are feasibly implementable are taken along
into the general design.

The main key points in the design of the systems are plug-and-play -ability. This
means that the sensor subsystems are interchangeable. Fusion design does not need
to be changed, when the sensor subsystem implementations are changed. Fusion
design is thus independent of the sensor subsystem implementation, according to
the interface agreements between sensor subsystems and the navigation filter bank
design.

An implementation using this novel general flexible and adaptive design is then
made in chapter 9. The best selected sensor technologies, methods, context inference
methods and fusion methods make up the novel implementation. The end design

is built using the needs for real-time applications. This allows an easy further
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development into possible products. The success of the research is explored in

chapter 10.

1.5 Contributions to Knowledge

Seamlessness, offered by the design of the tested system is the primary novel aspect
of this work. The work conducted shows the possibilities and challenges in seamless
navigation.

The wide literature survey goes through the existing technologies. A comparison
process results show the most prominent alternatives for achieving seamlessness in
pedestrian navigation. Seamlessness indicates the ability of the navigation system
to cope both indoors and outdoors without external help.

After this, the methods for the selected technologies are examined. Four tech-
nologies, the GNSS, the Ultra Wideband and the Bluetooth low energy positioning
fixing systems and the foot-mounted inertial dead reckoning, offer a reasonable and
implementable level of seamlessness. An implementation is constructed using these
technologies. This implementation, with the use of context engine, advances the
knowledge and gives guidance in improving future seamless navigation systems.

Novel aspects are raised and added to the common knowledge, when designing
an adaptive and context sensitive seamless system. These are the interfacing of the
context engine, the sensor subsystems and the navigation filters, where timing and

data format agreements are essential. The flexible filter bank usage, controlled by
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the context engine through a system status, is another novel aspect in this work.
Moreover, the plug-and-play style loose coupled design offers insights in the future
development of modular adaptive navigation systems.

The usefulness of Bluetooth low energy is examined and improved. Each subsys-
tem is tested separately and also by fusing all together. The Tukey-style position
update offers a new way to fuse positioning fixing measurements. The track form

matching improves the inertial and the GNSS fusion process.

1.6 Outline of the thesis

Chapter 2 first examines the previous literature on the prominent technologies for
indoor positioning. Then an analysis is conducted, to determine the most fit al-
ternatives. Chapter 3 continues by comparing the solution derivation methods for
each selected technology and introduces the context detection in navigation sys-
tems. Chapter 4 introduces the terms for information fusion within the positioning
systems.

Chapter 5 is the beginning of the novel contributions of this work. The similari-
ties between filtering approaches are identified and necessary switching characteris-
tics are presented. Chapter 6 starts the novel design and development process that
is the main goal of our research. The context engine is the control logic for the novel
filter and is explained in this chapter. It is developed using the ideas cherrypicked

from the literature review, especially the chapter 3.
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Chapter 7 and 8 design, develop and test novel particle filter and Kalman fil-
ter approaches respectively. A particle filter is here designed for indoor purposes,
while the Kalman solution with the novel pentagon buffer design is for outdoor en-
vironments. Chapter 9 presents the final general solution for seamless navigation
and then continues by implementing this real-time capable structure into a real-life
environment. Performance is tested.

Finally, chapter 10 concludes the research and offers insights into future research

direction and for possible commercial products.



Chapter 2

Navigation Sensor Review

This chapter browses through the literature on sensors that have been trialled for
positioning purposes. These are examined according to the physical phenomena
they measure. A physical phenomena can be measured using the appropriate sen-
sors. It is possible to acquire positioning information by harnessing the physical
phenomena through smart measurement technology selection and sensor setup. The
sensor deployment consists of placing the sensors into their positions and choosing
the optimal geometry and the number of sensors for obtaining the best possible
positioning information.

The abstract information in a map and the building and obstruction location
properties are looked through first. The phenomena sensing sensor spectrum is
then thoroughly examined from the motion to the electromagnetic light detection
sensors. A conclusion is made in the end of the chapter on how the technologies

compare against the requirements for pedestrian navigation, especially indoors. The

37
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prioritisation is presented on the basis of this feasibility study.

2.1 Maps and Infrastructure

Maps are the first and the intuitive way to represent geospatial information. The
paper maps are being replaced by the digital equivalents. Digital representation has
allowed an easier way to update the maps and it opens up new possibilities on the
uses of maps. The digital maps can be easily enhanced with additional information
to offer more accurate and up-to-date location information. For example, the traffic
information updates on the car navigator software enable the driver to avoid traffic

jams.

2.1.1 Mapping the environment

Apart from architectural CAD drawings and construction designs there are not
yet many widespread detailed floorplan standards for navigation purposes. Open
Geospatial Consortium initiative aims to provide a common schematic framework
for wider use in indoor navigation applications. This is accomplished via a mini-
mal set of components defined in the indoorGML (Geography Markup Language)
standard. In addition, the previous standards, CityGML and IFC (Industry Foun-
dation Classes), partly define the ways to represent indoor components as explained
in www.opengeospatial.org (Accessed 16.2.2017). Other existing related standards

and examples include X3D, ESRI BISDM, Google, Bing and Here maps.
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The Keyhole Markup Language (KML) is used to create a structured document
which can be displayed in an Earth browser like Google Earth. The locations can
be pinpointed and the areas selected for example by using the polygon tool. Zichar
(2013) raises issues on aspects of geovisualization. The amount of information to
be presented should match the cognitive capabilities of the user and the user need.
For the application designer, the open interfaces ease the designer’s workload. The
visualization symbol choices offer artistic freedom in representing the geospatial data
on the Earth browser. The passage of time is also to be considered when representing
historical geospatial data. This is discussed with more detail by Ferreira et al.
(2012), who add a moving object class into the kml language. As an example, an
application could show only the shops that are open at the moment.

Figure 2.1 demonstrates a 3D city view of London in Google Earth.

Figure 2.1: 3D view of London in Google Earth.

The GNSS signals are blocked by tall buildings. The building height information
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can be exploited in the computation of a signal blockage. Groves et al. (2012) devel-
oped a shadow matching technique which is an example that uses this information in
an attempt to overcome the troubles with the GNSS signal blockage and multipath.
The non-line of sight signal propagation from satellites is detected and analysed to-
gether with the three-dimensional mapping. The processing power needed for using
3D maps with many details is high. Many researchers including Groves (2013b),
Walder & Bernoulli (2010), Pinchin et al. (2012a), Deng et al. (2013), Wirola et al.
(2010), Torres-Solis et al. (2010) examine the challenges in mapping and in virtual
modelling and search ways for more effective representation techniques, including
the shadow matching, polygon wall representation, heuristic heading, location con-
straint model, crowd-sourcing and connected graphs respectively.

The access to floormap data of certain buildings is restricted. Thus, crowd-
sourcing the floormap information would concentrate on the available public areas.
The use of images in a construction of a virtual crowdsourced map of buildings is
mentioned by Wirola et al. (2010).

The walls and obstructions in a map can be thought as spatial classifiers. The
polygons and lines divide two areas. This and the information coming from different
sensors is combined. The pedestrian dynamics model and moving patterns are
different from the way the car sensor data is combined. Since the dimensions indoors
are generally smaller, the requirement for positioning accuracy is higher indoors.
The walls, the streetways and parks or other open zones function as constraints

for possible user locations. These constraints help the application to snap or steer
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the location solution onto sensible map locations. Incorrect solutions, like walking
through walls or driving the car over walkways can be corrected. The wall’s logic
function can be adjusted as in the case of a tree fence when compared to a brick
wall. A tree fence can be passable at certain points. Map information can be
enhanced with for example an information on the passability of certain areas, or
with an information of which kind of service is offered at the location (restaurant,
shop, garage...).

Pinchin et al. (2012a) took advantage of the cardinal headings of the building.
The cardinal headings are the most probable directions of travel indoors, because
building corridors are usually symmetrical consisting of only a few directions. The
buildings are often symmetrical and walking trails are often parallel to the wall or
the furniture layout. A cardinal heading adjustment aligns the walking track to
sensible positions along passable pathways.

The measured user walking trail correction using the map data is called map
matching. Lan & Shih (2014) used the track shape, angles and ratio in the map
matching process. The map matching fuses the map information with the position-
ing sensor or the track information after which the final positioning solution can be

inferred.

2.1.2 On infrastructure

The GNSS and the Wi-Fi infrastructures are well established. The GNSS was set

up for navigation purposes while Wi-Fi for solely communications. Afterwards,
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it was noticed that the WiFi signal strength could be used for positioning. The
existing infrastructure enables services. In order to offer positioning solutions via
other technologies, a proper infrastructure should be set up. Figure 2.2 depicts an
example of the layers that a general infrastructure could support.

Figure 2.2 shows the necessary layer structure for offering a navigation solution.
On the top of the infrastructure layer is the location layer where the position is
known but it is not associated with any service. Deng et al. (2013) discuss that on
the cloud service and the application layers the location information is presented in
a meaningful way for the user.

Surveillance cameras can be used for positioning purposes. Other methods
and technologies that exploit the existing infrastructural systems are discussed by

Kivimiki et al. (2014).

Application

“Smart City Navigation”

Cloud Service

“Company X servers and [oT”

Location Awareness

“Mobile sensors and Maps”

Infrastructure

“GNSS, UWB, GI8..”

Figure 2.2: Infrastructure enables the services in the upper layers according to Deng
et al. (2013).
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The infrastructural localisation methods can often be implemented in a passive
way. This means that the user doesn’t have to wear tags or devices in order for the
system to offer a positioning solution. Privacy issues may arise if the unaware user
is positioned without permission. The floor pressure sensors, thermal sensors, sound
and electric field change detection sensors are a few examples that are compared by

Kivimiki et al. (2014).

2.1.3 On geometry

The sensor number and placement are the key factors in defining the quality of the
positioning solution, in addition to the positioning sensor quality. The geometric
dilution of precision is often used for analysing the quality of the GPS satellite
geometry. Kirchhof (2013) studied the optimal sensor placement using the binary
and the mixed integer programming methods and employing the geometric dilution
of precision (GDOP) as the decisive factor on different sensor deployment setups.
The sensor deployment analysis goes through different deployment of anchors on
the area map, taking into account factors such as mean node separation, and mean
node population. Sharp et al. (2012, 2009), Feng et al. (2015) analyse further the
use of GDOP in sensor deployment for indoors. When planning the deployment of

the anchors these mentioned factors are good to be taken into account.
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2.2 Tactile and Inertial

Sensing a physical contact or acquiring a measure of a direct physical distance or
speed describes the techniques used in tactile and odometer sensing. A simple tactile
sensor outputs binary data, either on or off. The force and odometer sensors output
either transduced force measures or velocity information of an object.

The inertial sensors measure movement. There exists two kinds of movement of
rigid objects, which are the rotation and the translation. The gyroscopes measure

rotation whilst the accelerometers measure the object translation.

2.2.1 Tactile probing

The coordinate measuring machines are very accurate and expensive. They offer
an exact way to position a product on a work bench but are not applicable for the
pedestrian navigation scheme. A tactile sensor can be placed either on the user
or within the environment. Not only can the tactile sensing prevent a robot from
bumping into an object but the object or floor can send the location information
when this collision event happens. Piezoelectric or capacitive touch surfaces, levers
or buttons can be used in recognising activity at certain locations. The load cells on
the floor may be used for sensing the position of a user within a building. Kivimaki
et al. (2014) and Serra et al. (2016) list alternative techniques like the smart carpets
and the calculation of the centre of pressure using load cell tiles.

Damian et al. (2015) analysed the artificial skin ridge formations for sensing
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slipping objects on the artificial skin surface. A similar approach can be used for
acquiring location information. The surface of the floor can give additional clues on
the possible location if it is possible to detect between surface types. For example,
when traveling on a forest path or on gravel or tarmac road the surface properties
change. The speed of the car is different depending on the road and suspension
activity depends on the road roughness and pedestrian crossing bumps. For the
visually impaired a tactile or haptic feedback may be the only method to deliver
information, as it is in the buttons of lifts without loudspeakers.

The vibration actuators on displays and on skin were tested by Jones et al.
(2010) and by Filgueiras et al. (2016) respectively. The mechanical waves can be
used to locate an object that is the source and is causing the mechanical waves.
Vibratory controls can also be used to guide visually challenged people. Similar
feedback as what Filgueiras et al. (2016) used is generated when a car is driving too
close to the side of the road and the alarm stripe on the roadside makes the wheel
whiz. Prete et al. (2012) tested a robot with artificial feeling sensors on limbs. The
purpose of this research was to prevent harmful robot movements if an obstruction
is detected next to a moving lever arm.

Bamberg et al. (2008) describe a wireless shoe sensor system that has three
accelerometers, gyroscopes, four force sensors, two bend sensors, two pressure sensors
and one electric field height sensor. The FSR-400 and the FSR-402 are the force
sensors from Interlink Electronics. The applied force changes the resistance of the

FSR-402 sensor. As a heal strike detection sensor a LDTO piezoelectric PVDF
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sensor was used. These sensors are small but will require additional signal processing
hardware.

Dogruer (2014) examined the odometer parameters using a wheeled robot, while
Reinstein & Hoffmann (2011) used an odometry model for their four-legged puppy
robot. Compared to the wheel odometer model the gait model is more complicated.
Slippage is a problem in both the wheel and gait tracking. The position error grows
unless a slip can be detected and properly corrected. The system model and design
for reading the odometer sensor data depends on the application. The odometer
data needs to be matched with map data or otherwise combined with a GNSS or
similar standalone positioning solution system for having a meaningful use. Jee &
Song (2010) presented a heading filter measurement model that changes according
to car movement and GNSS availability. The odometer measures the car speed and
this is used with gyroscope angle information for the dead reckoning of the system
when GNSS is not available. This is an example of a small context aware filtering
selection.

Boll et al. (2011), discuss the sensory overload. When driving in the car, the au-
dible information coming from radio, environment, navigator and passengers might
sometimes be too much. The navigation is thus performed using a vibrating belt
that tells the driver in which direction to turn next. The overall information content
given to the driver using one technology channel in this method is less in comparison
with plain audio guiding.

For pedestrian navigation, the environment can start sending location based
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services when a user arrives at the scene. This approach would be energy saving

since the service is provided only when needed.

2.2.2 Inertial dead reckoning

Harle (2013) conducted a literature review on inertial pedestrian positioning sys-
tems. The inertial sensor readings can be used to track a position via the position
change information, using dead-reckoning or by statistical classification methods.

The gyroscopes measure the angular speed of the object. The accelerometers
measure the force produced acceleration on the object. The gyroscope readings
follow the attitude changes of the object. Double integrating the acceleration, ac-
cording to the current attitude, the total movement of the object can be estimated.
The systems that measure the inertial characteristics for dead reckoning are called
the inertial navigation systems.

Perlmutter & Robin (2012) offer a helpful review on inertial MEMS and eval-
uate the future trends. The gyroscopes in the market appeared to offer the best
performance to the price ratio in 2012. New integrated inertial sensors are in the
markets. These include 10 degrees of freedom, three axis gyro, accelerometer and
magnetometer sensors integrated with a pressure sensor.

Quinchia et al. (2012) divide the inertial sensor errors into the determinis-
tic and the stochastic errors. The deterministic errors, as errors in manufacturing
and mounting, can be calibrated out, but stochastic errors need modelling. These

stochastic errors can be bias errors, orthogonal or scale factor errors. Inherent noise



CHAPTER 2. NAVIGATION SENSOR REVIEW 48

and thermal changes while in operation also affect the error characteristics. Quinchia
used Allan Variance analysis and Power Spectral Density techniques in analysing
the random errors.

The zero updates can be used to reduce the accumulating drift errors in the
double integration process. A drift means that the measured and derived position
has an error increasing deviation from the true position. It is often described as
the deviation from the true value over elapsed time or the covered distance. The
inertial measurement units can be divided into three by accuracy as did Hide (2003).
These three are the low-cost (least accurate), the tactical and the navigation (most
accurate) grade sensors. The drift is hundreds of meters in several minutes even for
the high quality tactical grade inertial navigation systems. If the IMU is mounted
on a foot the step length can be tracked between two zero update periods.

The accelerometer and the gyroscope reading magnitude thresholds have been
used in detecting the stance period in a gait cycle. Furthermore, a moving variance
analysis on the signal acquired from the IMU on foot is considered the slightly better
alternative. Multiple zero update detection methods have been tested for example
by Brajdic & Harle (2013). A peak detection has been applied on heel strike
detection. In the zero crossing method, the zero value crossings of the accelerometer
data are collected. A template matching tries to identify the gait patterns within
the collected data. Spectral analysis of the gait data gives out the peaks in the
frequency pattern that can be interpreted as the step frequency. The peak-detection,

the zero crossing, the template matching and the spectral frequency analysis are
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ways to detect steps. Skog et al. (2010) compared four step detection algorithms.
These were the acceleration moving variance, the magnitude, the angular energy
rate detection and a likelihood method that combined all the previous three. Yin
et al. (2014) deduce a step by using a logical AND function combining three different
zero detection methods.

In a pocket, an IMU does not produce as clear signals as if placed on top of a
shoe. The gait-cycle analysis is easier when the pedestrian walks at normal walking
speed, because the zero velocity update period is easier to detect. Problems arise
when the pedestrian stops and starts to shuffle his feet, ascends or descends stairs
or runs. The zero-update detection is slightly different depending on the location
context. IMU can be used in detecting this location context; the stairs, the elevator
or a levelled floor.

The initialisation of an IMU when starting to navigate is another challenge. If
the starting position and heading are slightly wrong in the beginning these errors
will accumulate when navigating. Pinchin et al. (2012a) used the cardinal direc-
tions of buildings and built environments. This mapmatching technique adjusts the
position by aligning it with the predefined cardinal directions that are typical in
built environments.

Alternative ways for inferring the navigation solution using inertial sensors are
for example by using learning methods like statistical model comparisons or artificial
neural networks. Nguyen et al. (2010) implemented a learning statistical trajectory

model for sensor displacement measurements at separate locations. Depending on
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the estimated location a set of learned displacement measurements at that point were
used to infer how the current measurement is used to get the new position. This
functions as an alternative to the double integration. Another statistical learning
method is presented by Adusumilli et al. (2014). The quantile regression forests
from the sensory data are grown and are then used to determine the approximate
position. Furthermore, Tejmlova et al. (2016) used context sensitive artificial neural
network in parallel with a navigation filter to set the filter parameters. This IMU
measurement readings learning helps to detect and apply the correct context mode
(walk, run, stairs) which in turn enhances the overall filter performance. In addition,
Le & Gebre-Egziabher (2016) adds inference for the step length constraining. They
placed inertial measurement units on both feet. This inference process limits the
step length by executing a range constraint update between the feet. Similar step
length constraining update was applied by Weenk et al. (2015). Here the ultrasound
sensors were measuring the range between the two feet. Ruppelt et al. (2016) applied
finite state machine to infer the correct gait phase.

An additional positioning system is needed to keep the position and heading
drift in limits. Hartmann et al. (2016) used an UWB system for additional position
and attitude updates. Santoso et al. (2017) reviewed the inertial visual integration
focussing on unmanned aerial vehicles. The visual tracking is very accurate and can
correct IMU drift errors if line of sight conditions can be provided by the user.

Summarising, the inertial sensor, the gyro and the accelerometer readings can

be derived into position information using either of the two.
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e double integration or

e inference (using artificial learning)

The mechanisation process can be aided by for example these four updates.
e using zero updates

e range constraints

e heading corrections

e filter adjustments according to context detection

2.3 Sound and Pressure

The sound speed in air is approximately 346 m/s. This is obviously much less than
the RF signal speed. In order to travel from source to target, the sound needs to
travel through a medium like air or water. The properties of the medium need to
be taken into account, when designing a localisation system based on sound waves.

These properties are for example the temperature and the pressure.

2.3.1 Sound and ultrasound

Walter & Schweinzer (2014) used a sensor consisting of one transmitter and 5 micro-
phones for detecting simple geometric objects in the environment. The object had
no sensors on it. Instead a virtual 3D model was reconstructed analysing the echoes
at the microphones using the transmitter. This is similar to what Torres-Solis et al.
(2010) explains of multiple microphones being used for target pose estimation. The

transmitters and microphones can be placed on the user or within the environment.
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The two best known sound based positioning systems are the DOLPHIN and the
CRICKET, also described by both Torres-Solis et al. (2010) and Kiviméki et al.
(2014).  Zhang et al. (2013) experimented so that the sound source was carried
by the mobile user. The user carried a device with multiple ultrasonic (40kHz)
transmitters that covered a horizontal 360 degrees range. The receivers were placed
on known locations and each of them collected the timestamps of the ultrasound
signal arrival. The position was then calculated by the network. On the contrary
Rishabh et al. (2012) used barely audible signals which were played from the speakers
in the environment and the mobile user carried a receiver that detected the played
signals. The recorded signal detection was carried out by cross-correlation with
reference signals.

In comparison to the camera systems the audio data throughput and amount is
much smaller. The timing methods are also easier to be implemented since sound
speed is much less compared to the electromagnetic waves. A radio frequency syn-
chronisation is often used between the base stations because it is much faster than
the sound signal. The systems combining Bluetooth with ultrasound are abbrevi-
ated as BLUPS. The location solution is triangulated from the synchronised sound
signal ranging measurements. According to Torres-Solis et al. (2010), using the
spread spectrum code division, multiple signals can be transmitted simultaneously.

The timing methods (ToA, Time of Arrival, and TDoA, Time Difference of Ar-
rival) are used for timing the reception and sending of the sound signals. Zhang

et al. (2013) used TDoA to calculate the position. Two filtering modes of the mea-
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surement data were used for the detected LoS (line of sight) and the non-LoS cases.
The Line of Sight case uses EKF (Extended Kalman Filter) while the non-LoS case
uses robust EKF. This makes up a combined Interacting Multiple Model (IMM).
It copes better than the two separate models by themselves. Moreover, the form
of the signal plays a part in the localisation process. The audio signal composition
and strength should be designed regarding all the external sound sources and prop-
erties of the target environment. Hoflinger et al. (2014) exploited a chirp signal
(18kHz) and envelope detection on the mobile device for location determination.
The different signal forms and modulation options perform differently in varying
environments. Hoflinger et al. (2014) also lists multiple audio positioning trials
conducted using smart phones.

The cooperative underwater vehicle scenarios were reviewed by Paull et al.
(2014). A GNSS fix of one vehicle on the water surface was used to get the absolute
position. This absolute position was then used for deriving the absolute positions of
the other vehicles underwater by using the relative sonar distances in between each
vehicle.

The noise and echoes are troublesome for sound system localisation. Unlike
within the Ultra-wideband RF systems the correct echo peaks are harder to distin-
guish in the sound systems. Although this feature can be exploited. Bisio et al.
(2015) exploited the sound echoes in detecting the indoor /outdoor context. Laverne
et al. (2011) estimated the step length by having ultrasound transceivers on both

feet. A commercial off-the-shelf ultrasonic transceiver, like the MB1010 ultrasound
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sensor, can be used for tracking and proximity detection. The output data rate is

20Hz. The ranging capability reaches up to six meters.

2.3.2 Pressure

The atmospheric pressure sensors can be used to detect the floor level within a
building. Pressure decreases as altitude increases. As the weather conditions changes
the parameters, the reference pressure, the measured pressure and the temperature
are slightly more challenging to deduce in real time. Bai et al. (2013) used a real-
time calibration method with a barometer to detect the current floor where the user
is. The hardware system that was built takes into account the three most relevant
parameters, the temperature, the reference pressure and the measured pressure in
order to solve the correct floor.

For a pressure altimeter, like the BMPO085, the pressure conversion time is 25ms
and it uses i2c for data transfer. This sensor also offers the temperature measure-

ment.

2.4 Broadcast RF

The electromagnetic systems consist of the positioning systems using the radio fre-
quencies with varying transmission power. Included here in this section are also both
the magnetic sensors and the camera sensors. Metals and water reflect and absorb

electromagnetic signals as wood or concrete merely attenuate. The electromagnetic
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RF signals reflect and scatter indoors. A receiver suffers from a multipath condi-
tion, when the signals arrive via more than one path to the receiver. Torres-Solis
et al. (2010) discuss that a multipath environment can be modelled by mapping the

materials in the environment and by estimating the attenuation.

2.4.1 GNSS

The GNSS satellites broadcast positioning signals. These signals reflect from build-
ings and ground before reaching the GNSS receiver. The multipath environment
can be modelled by mapping the materials in the environment and by estimating
the attenuation. He et al. (2011) examined the multipath performance level char-
acteristics of the receiver. This level information cannot only indicate the quality
of the signal but also helps in sorting out the receiver location context between the
rural and the urban operating environments.

The GNSS signal availability in urban areas and indoors is limited. Therefore,
alternative methods need to be used for indoor and urban navigation. GNSS signal
strength indoors as stated by Mautz (2012) (-170 to -190 dBW) is 5 to 30 dB weaker
than outdoors (-158dBW). If the user stands on an open field with good satellite
coverage, for a receiver, like the U-Blox AEK-4T GPS receiver that was used by
Pinchin et al. (2012b), the cold start takes approximately 34s. The receiver’s cold
sensitivity is stated to be -142dBm. The raw data output rate is 10Hz. Mautz
(2012) mentions that some high sensitivity receivers can cope with weak signals by

using parallel correlation and longer correlation times.
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A GNSS receiver compares a locally generated pseudorandom code with the ones
received from satellites. A software defined radio receivers implement the whole
signal processing in software. GPS and GLONASS are fully operational naviga-
tion satellite systems. In addition, Galileo and Beidou are being set up. Multi-
constellation receivers offer more robust navigation solution. Integrity is better
when there are more satellites and pseudoranges to choose from. The best satellite
signals that are in view can be selected more easily.

The processor that is used in mobile devices, like the Snapdragon 400 processor
chip, has an inbuilt IZat block for GNSS processing. The module provides position
output. A cold start usually takes approximately two minutes or more. Compared
with FPGA or hardware integrated circuit implementations the software defined
radio implementations are not yet sufficiently fast. These software implementations
would offer more configurability. Interesting tests have been made by Pesyna et al.
(2014) to achieve decimetre level positioning by using carrier phase aided differen-
tial measurements on lightweight mobile devices. The data was sampled using a
smartphone-quality GNSS antenna. The weak multipath rejection with the low-
quality GNSS patch antennas was found to be the main cause for not achieving
an integer fix via the phase ambiguity solving. And consequently, a centimetre
level accuracy can’t be reached if integer fixing fails. The study also found that a
wavelength scale random antenna motion helps to reduce the time for achieving an
integer fix using the low-quality antenna.

GNSS signal processing on mobile platforms require processing power. An inter-
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esting approach is presented by Lucas-Sabola et al. (2016) where the processing is
partly transferred to the cloud. This will, if the data transfer is efficient, make the

computing load on the mobile device to be less.

2.4.2 Pseudolites

Pseudolites are transmitters on the ground and buildings that imitate if as transmit-
ting GNSS signals. Kuusniemi et al. (2012) used pulsed pseudolites. Here a high
sensitivity GNSS receiver was used together with a particle filter for positioning and
an accuracy of few meters was achieved inside an office building. Pulsed pseudolites
allow receivers to cope better with the near-far problem that arises when weaker
signals can not be detected because of the presence of a very strong signal. When
using pulsed pseudolite signals the interference with true satellite GNSS signals is
smaller. As the pseudolite signals imitate the original satellite system signals the
availability of these signals must be carefully planned. Mautz (2012), Kuusniemi
et al. (2012), Basiri et al. (2014) state that in UK, same frequency bands cannot be
used for pseudolites as are used for GNSS signals.

Locata is a pseudolite system using GNSS like signals where the nodes use ac-
curate clock synchronisation signal. Slaves in the locatanet synchronise themselves
with a master transceiver.

The Locatalite positioning accuracy is approximately 18cm on open areas ac-
cording to Deng et al. (2013). The long-term performance of seven locatalites

were tested with GPS by Bonenberg et al. (2013). Bonenberg et al. (2011) had
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previously integrated GPS and Locata together for better availability.

2.4.3 TV, mobile and radio signals

Torres-Solis et al. (2010) mentions that television broadcast and cellular signals
penetrate indoors better than GNSS signals. According to Deng et al. (2013) the
positioning accuracy that has been achieved with these opportunistic signals is not
very accurate (>50m). To enhance positioning coverage, TC-OFDM (Time & Code
Division-Orthogonal Frequency Division Multiplexing) systems are being designed.
These signals share the cellular communication network spectrum capabilities but
contain the navigation message along with communication data. This helps the
receiver to act more seamlessly and have a faster time to first position fix.

Popleteev et al. (2013), Navratil et al. (2016) analyse the FM radio signal feasi-
bility for positioning. In the fingerprinting method, a feature like the signal strength
is attached to a position. In the learning state a fingerprint map is generated that
contains these signal strengths for the selected location. In the online state the mea-
surement strengths are then compared with the interpolated signal strength maps
and a position estimate can be derived. Accuracy for the FM fingerprinting trials
were reaching approximately the level of Wifi fingerprinting indoors because of the
small-scale variation of the signal indoors. But over larger areas the fingerprinting
resolution decreased to few tens of metres. In addition, they tested GSM signal
usage for positioning which had as bad accuracy as the FM radio fingerprinting

approach.
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2.5 Local RF

Liu et al. (2007) conducted a survey listing the possible methods for indoor RF
positioning. Timing methods for WiFi or Bluetooth protocols are generally unable
to reach an accuracy below few metres. Instead, the fingerprinting methods are
preferred.  Kolakowski & Djaja-Josko (2016) state that for Ultra-wideband the
timing approach works well.

New RF communication standards take into account the needs for positioning.
Previously localisation had to be implemented using protocols that were designed
only for communication purposes. Groves (2013b) expects that modelling the signal
propagation medium will be a bigger challenge in the future than the new standards.
As an example, the multiwall model is a path loss model depicting the effect of the
environment structures on signal propagation. A ray tracing analysis is another
way to model the RF propagation within the environment. Faragher et al. (2012q)
indicates that the transmitter power is limited for the devices operating on ISM
frequencies. In practice, this means that the usable positioning distance indoors is

few tens of metres.

2.5.1 WiFi

The WiFi availability is the best among the local RF protocols. There are many
existing WiFi access points. The signal strength and the flight time are usually

the measured attributes. A signal strength from an access point depends on the
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distance and obstacles in between the access point and on the mobile unit. The
measured signal strength is represented with the unique WiFi access point MAC
address. Other method for ranging is to use accurate timing between the access
points and the mobile user.

The current wireless network standards like the 802.11v consist also of a posi-
tioning protocol. Ciurana et al. (2011) assesses the 802.11v standard for ToA po-
sitioning. As well, Schatzberg et al. (2014) used WiFi timing integrated with INS.
Woodman & Harle (2008) used WiFi fingerprinting with INS. Khan & Syrjarinne
(2013) similarly integrate fingerprinting of WiFi access points with INS and maps.
The tracking using fingerprinting involves offline and online phases. The RSS values
are assigned to location fingerprints in the offline phase. In the online phase, the
user measurements are compared and matched with these assigned values.

Furthermore Sendra et al. (2010) compares the coverage and interference of the
different protocols in the 802.11 family. the WLAN network adapter that they used
was Linksys WUSBG60ON. It works with the WiFi standards a, b, g and n and has
11Mbps data rate. The receiver sensitivity is -84dBm at this speed. One of the
four types of access point routers used was Linksys WRT54GL. It has a RF power
output of 18dBm. The data throughput varies between technologies because of the
environment and the equipment used.

Crowdsourcing WiFi access points and signal strength fingerprints is a promising
way to implement proximity extension for GPS positioning within the near future.

The WiFi access point locations and the signal strength maps are already commer-
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cially available. In addition, a cooperative position scheme offers another dimension
into real time tracking. Sharing the location of nearby vehicles could for example
smoothen the traffic flow. Yang & Soloviev (2014) raises the issue of the reduc-
tion of excess information. In collaborative ranging and in localisation in general,
the number of sensors and ranging information should be kept in an optimal level
by selecting the best sources. Lohan et al. (2016) compare Bayesian approach to
Dempster Schafer data fusion for WiFi fingerprinting finding that the Dempster
Schafer method does not bring additional advantages.

Hejc et al. (2014) used WiFi with GPS receiver and INS. The transition from
indoor environment to outdoors was more problematic, because the GPS needed
time to achieve first fix. Thus it is necessary to identify these transition region
characteristics between the technologies used. The observation of availability of a
technology is the first phase. In practise scanning the WiFi access points for received
signal strength values takes multiple seconds and as such is not practical for dynamic

positioning.

2.5.2 Bluetooth

The Bluetooth low energy (BLE) on the other hand offers 20ms advertising interval,
which makes it more suitable for more dynamic applications. The BLE advertising
uses three narrow bands for beaconing preselected data. This can be turned on and
off. In addition, ease in deployment of BLE anchors increases interest in using it for

a range of positioning services.
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Many portable devices use Bluetooth for communication purposes as defined by
the https://www.bluetooth.org/en-us/specification/adopted—specifications (2017).
Bluetooth smart ready adapters on mobile devices are able to record the received
signal strength of the advertising anchors. The advertising anchors are independent
and send the advertising messages unsynchronised independently. This creates a
race condition between multiple beacons on the receiver. While a message from one
beacon is received, the others are discarded. The distance conversion and fingerprint-
ing of the RSSI operate faster than the corresponding WiFi equivalents. Palumbo
et al. (2015) and Faragher & Harle (2015) examine the BLE fingerprinting, which
is the most accurate positioning method setup within the scope of positioning using
WiFi and BLE.

Bluegiga WT41-A evaluation kit is able to receive signal strength indicators from
Bluetooth access points in the environment. It has a long line of sight range of up
to 1000m. The transceiver sensitivity is -90dBm and transmit power can be 20dBm.
Kuusniemi et al. (2011) used this as one sensor in a multi-sensor setup. Bluegiga

AP 3201 and AP 3241 were used as access points.

2.5.3 Ultra-wideband

The ultra-wideband (UWB) characteristics offer advantages for coping with multi-
path. Especially the UWB impulse radio short pulses makes it easier to detect the
multipath components. Repeatability is a strong advantage in the ultra-wideband

approach. According to Meng et al. (2012) this means that the positioning result
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stays consistent over a time period. Zampella, Angelis, Skog, Zachariah & Jimenez
(2012) placed an UWB tag on shoe and helmet. The tag measurements on the shoe
had more outliers due to non-line-of-sight conditions. Although high time resolu-
tion of UWB signals makes it easier to distinguish between original and multipath
signals, the non-line of sight and obstruction conditions are still a challenge.

Alarifi et al. (2016) examine the ultra-wideband technology in detail. They list
five main characteristics for a navigation system - accuracy /precision, coverage/res-
olution, latency, impact on infrastructure and random errors. SWOT (strengths,
weaknesses, opportunities and threats) analysis shows the UWB very fit for indoor
positioning. Issue is raised on the antenna design of the UWB antennas. Bras
et al. (2012) also agrees the good sides using UWB being, the robustness to inter-
ference and jammers and high positioning accuracy due to large bandwidth. Again,
antenna design challenge for UWB is raised as an issue. Designing an antenna for
an UWB system is not as easy as for narrowband systems. Kok et al. (2015) used
UWRB receivers with inertial sensors. As a future study, they proposed researching
positioning using multiple IMUs and UWB receivers for more accurate pose and
navigation estimation.

Decawave UWB microchip based test kits, used and explained in Mikhaylov et al.
(2016) and Peltola et al. (2016) offer an accurate indoor position solution (~15cm).
This accuracy is desirable and achievable with the UWB which makes it overpower
the WiFi and Bluetooth alternatives. The reach of an anchor is approximately 30m

indoors. The current draw and consumption of the Decawave UWB chip is around
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100mA while for Kontakt BLE chip it is around 20mA. Although 5 times higher the
accuracy in comparison makes this technology more useful. This of course depends
on the application requirements and moreover, whether the application needs only
proximity information rather than exact (~15cm) positioning. The UWB real-time
location system used by Zampella, Angelis, Skog, Zachariah & Jimenez (2012) was
Ubisense.

Laaraiedh et al. (2013) compares fingerprinting methods with a model based
method using UWB technology. These are less accurate than the timing based
methods. The support vector machines, the K-nearest neighbour and the artificial
neural networks are tested on the fingerprinted data. These are compared with a
path loss model using maximum likelihood. The SVM was found the best among
the position estimation from the fingerprint learning methods. Method using unique
signal strength to distance conversion model for each separate anchor was found

better than general model for all anchors.

2.5.4 Other

Wang, Bauer, Kirsch & Vossiek (2012) deployed ZigBee nodes. The article discusses
the unreliability of RSS measurements because of the changing environment. The
environment poses a challenge for the measurements if there are pedestrians walking
or passing through the target area or furniture and reflections change places. In
addition, the anchor battery level and the possible automatic gain control of the

measuring device cause additional challenges.
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Seco et al. (2010), Pateriya & Sharma (2011), Hasani, Peixeiro, Skrivervik &
Perruisseau-Carrier (2015) explain the RFID systems consisting of RFID readers and
transceivers or tags. In the active approach, the user carries the reader and scans the
tags in the environment. The reach of an active RFID interrogator and transponder
system is approximately 30 m. In passive approach, the user carries the tag and the
environment has readers set up for positioning. The passive RFID detection range
is very short (~2m) and in practice a stand-alone passive system would be costly
to set up. Privacy is of concern especially in passive RFID tag systems where the
computation capability of the tag is not able to support necessary cryptographic
data protection. RFID systems are implemented generally as proximity detection

systems.

2.6 Magnetic sensing

Afzal et al. (2011) used Honeywell 3-axis magnetoresistive sensor HMC5843. The
magnetic field strength vector data is sent through an i2c interface. The sensor has
a measurement period of 10 ms and the data can be output at 116Hz rate. Jimenez
et al. (2010) use the 3-axis magnetometer which is inbuilt in the integrated IMU
sensor MTi Xsens. Fuzzy Inference System (FIZ) was designed by Jimenez et al.
(2010). This used four magnetic field parameters to detect whether the magnetic
field was disturbed inside a mall. The detector that read the magnetic field param-

eters used likelihood ratio testing. By following the magnitude and angle changes
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of the magnetic field parameters it was possible to detect disturbances. A magnetic
map can be constructed from the characteristics. This map can be used as a finger-
print map. Then while navigating the measurements are compared with recorded
magnetic maps and a location estimation is derived.

The environmental magnetic anomalies and perturbations indoors, like metallic
objects or radio devices, often make orientation determination difficult with mag-
netometers. Magnetic north measurements indoors do not work well because of
this. This is the same inside a building or a vehicle where the changing magnetic
fields disturb the measurements. Alternative way to take advantage of the magnetic
field measurements is described by Zampella, Khider, Robertson & Jimenez (2012).
Here a stable magnetic field during the stance phase was measured. If there was
any angular rate detected during the stance it was used to correct the yaw drift and
gyroscope bias. The magnetometer was also used to detect the swing period of the
foot. The magnetic north measurement error update outdoors is helpful in keeping
the yaw drift in control. Like in Hao et al. (2010) the magnetometer is most often

integrated to adjust the heading.

2.7 Light

Cheap digital cameras are nowadays easy to find anywhere. These can be used for
navigation in at least three separate ways. The camera images can be compared

and matched with a database of crowdsourced images. The camera pose can be
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resolved through analysis of multiple image features and by comparing feature de-
scriptors of known objects. In addition, by using visual odometry, the location can
be tracked from the image flow by comparing patterns in sequential images. A stereo
vision setup can be applied for a more accurate camera movement estimation. Laser
scanners offer even more high-resolution ranging data.

Using optical tracking technology, the demanding accuracy requirement (few
centimeters) is achievable. This approach is though relatively clumsy and computa-
tionally expensive when considering applications for pedestrians and depends on the
lighting conditions. The requirement of continuous camera recording on a mobile
device is not the most attractive alternative. On the other hand, embedded aug-
mented reality navigation information on smart glasses is already reality for example
by using the Google glasses.

Santoso et al. (2017) discuss the visual inertial navigation technologies and
methods with a special focus on microaerial vehicles. The issues common to visual
and inertial navigation are considered. These include the brightness of the image,
the technologies and methods used in acquiring the position solution, whether using
single camera and structure from motion approach or stereo vision using multiple
cameras. The time of flight cameras are mentioned, in which additional depth
information is available. An example of such is the camera on the Google Tango
device.

A Google Tango device was used by Laskar et al. (2016) to capture structure

from motion images. Google uses area learning method for reconstructing the en-
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vironment and in localising the camera. Laskar et al. (2016) managed to enhance
this process to be more accurate by adding a database for structural recognition of
the environment, aiding the spatial solution dislocation. CLIPS by Mautz (2012)
is a similar system where laser spots are projected onto a wall to form a pattern
that the camera recognises. It can then derive its position using this projected laser
marker pattern.

A simpler method was used in Mulloni et al. (2009), where markers were placed
around the conference venue. A mobile phone camera was used to detect unique
markers and to solve the positions according to the acquired marker image. The
artificial markers work well under different lighting conditions and are flexible for
small local scale. Still, it requires preparatory work in mapping the marker locations
to the area map application. For the detection to be successful, an element in
the marker image on the camera image should be at least two pixels. The power
consumption of these snapshot images is not too high either.

The database collection phase is called the offline phase. The actual navigation
with the help of this collected database is called the online phase. There are two
ways in setting up the navigation scheme. Either the camera can be carried by the
user or a user feature or marker can be detected by a camera network that is set up
around in the environment.

Generally, the first phase is the image acquisition in camera based positioning.
The second step is segmentation and feature extraction. The third is the search

for matches where features are compared with pre-existing information. This step
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involves scale rotation and luminance analysis. The last step is to compute the

camera location and pose. Methods are now examined for each step.

2.7.1 Image acquisition

Ruotsalainen et al. (2011) used a Nokia N8 mobile phone. It has a 12 Megapixel
camera. Resolution of 1280x960 pixels was used. Solving the heading change took
on average 1.1 seconds using Matlab on a desktop PC. Calculations that were con-
ducted on images included contrast adjustment, canny edge detector and Hough
transformation filtering.

Aufderheide & Krybus (2010) used a greyscale Unibrain Fire-i digital camera.
The camera can output 30 frames per second. The resolution is 640x480 pixels.
Hide et al. (2010) used a Canon IXUS 750 camera. Also, here the resolution was
640x480 pixels with 30 frames per second. A 3GHz desktop PC took 125ms to
compute a frame pair. From this computation, the speed of the pedestrian could be
derived. The camera recorded the ground while the pedestrian was walking.

In Wang, Virrantaus, Pei, Chen & Chen (2012) a regular 3D model map was
compared with a 3D model map using geocoded images. The image based approach
occupied 53 % of the processor execution time and could run 2.5 frames per second
and was faster than the regular 3D model. The frame rate of 2.5 is much less than
the rate that the camera can output frames. The platform was a Nokia 6710 handset
with 15 fps camera.

Honorato et al. (2008) discusses the Devantechs TPA81 Thermopile array. The
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array consists of 8 sensors each having a 6 degrees field of view. Thermopile re-
sponse time is approximately 20 to 50ms. In Yoshiike et al. (1999) a pyroelectric
infrared sensor (PIR) array was fabricated to detect occupants inside a room. The
sensor rotated 360 degrees with a refresh rate of 20Hz. Kivimaki et al. (2014) lists
infrared sensor technologies. Microbolometer and Golay cell based IR cameras are
very expensive and are not applicable for pedestrian navigation. Thermopiles and
pyroelectric sensors, although less accurate, are very affordable. These could be pre-

ferred in low lighting conditions where conventional image processing is impossible.

2.7.2 Feature extraction

SIFT (or SURF), Canny edge detector, FAST or Harris corner detector are typical
examples of feature detection algorithms. In Frontoni & Zingaretti (2006) the colour
and spatial information of an object was recognized in the image. The extracted
features can be compared either with natural estimated features or with created
synthetic patterns in the environment. In Yoshiike et al. (1999), thermal images
were acquired. The hot spots above a threshold that were detected were interpreted
as persons in the room. In Aufderheide & Krybus (2010), a general feature detection
processor is described. SIFT, SURF and corner detection algorithms are used for
feature detection. In Mulloni et al. (2009) the physical marker image is detected
on the captured image. Likewise, in the CLIPS system by Mautz (2012), the laser
projected pattern is recognised. In Hide et al. (2010) FAST corner detection method

was used. Ruotsalainen et al. (2010) lists detection of vanishing points, epipolar
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lines and hue histogram invariance as alternatives. As a summarising statement,

the feature extraction is a pattern recognition or a classification problem.

2.7.3 Match search

Bundle adjustment, RANSAC, GOODSaC and BaySaC are algorithms that can be
used in the refinement and the outlier rejection of the matched features. Frontoni
& Zingaretti (2006) uses colour sets and polar weighted walkthrough representa-
tion to match the images. PCA and LDA metrics are mentioned. Yoshiike et al.
(1999) has four stages in localising a human from the captured thermal image.
From the measurement image, the information goes through a binary filter where
each pixel is either above or below a threshold. Dust treatment removes separate
pixels because the human body is considered as a wider area of pixels in the image.
Aufderheide & Krybus (2010) discusses area based approaches on successive images.
Intensity patches are compared around the detected features’ positions. The hun-
garian method was used in the bipartite graph matching of 3D correspondences. In
Mulloni et al. (2009) the captured image of the marker is compared with a database
containing the location data where the marker was placed. Hide et al. (2010)
implemented sum of squares differences (SSD) between pixel values on successive
images. Kd-tree is mentioned as a more efficient approach instead of SSD. Nearest
neighbour search is made afterwards to search the closest match within the kd-tree.
BaySAC that is a RANSAC derivative, is used for outlier rejection. Homogeneity

of the corresponding points are calculated using discrete linear transform (DLT).
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Ruotsalainen et al. (2010) raises up the troubles in image matching. These are the

differences in image lighting conditions, orientation and scale.

2.7.4 Camera calibration

In Frontoni & Zingaretti (2006) the location is updated using Markov’s belief dis-
tribution using measurements. The location and pose are determined by comparing
the captured images with the database snapshots collected during the offline stage.
Yoshiike et al. (1999) labels the pixel groups that are filtered from the thermal images
and represents the group as a tracked person. Aufderheide & Krybus (2010) divides
the camera calibration into motion and structure recovery. Five point matches in
the consecutive images is the minimum necessity for calculation. In order to min-
imise the computational load not all of the frames are computed. The key frames
are selected where the corresponding point amount is still sufficient in consecutive
images. Triangulation is then used to derive the new location of the tracked object.

In Mulloni et al. (2009), the pose of the camera was calculated using a database
of known markers. Hide et al. (2010) computes a homography between the suc-
cessive images and furthermore uses Levenberg-Marquardts algorithm to derive the
rotation and translation. The vision motion information was integrated with the
IMU and GPS measurement data. The camera measurements were integrated into
the INS error state Kalman filter. Ruotsalainen et al. (2010) describe the location

calculation by deriving the change within the vanishing point information.
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2.8 Comparison and Sensor Technology Selection

An extensive literature review was conducted on indoor sensor technologies and
methods. The main characteristic features for positioning systems were compared
against the wide range of sensor technology-method combinations. The positioning
system characteristics included the following.

e Physical property the sensor measures

e Positioning method type

e Technology role, either absolute or relative positioning

e Data type, describing the format of the data

e Data rate, for how fast the data is output

e Accuracy, can be either absolute or relative

e Reach, for how far from an anchor positioning is possible

e Energy consumption and computational load to estimate the efficiency

e User device cost, for estimating cost on the user device

e Infrastructure cost, is the cost for the entire system to function anchorwise

For each positioning system characteristic, the typical value or value range of
the sensor technology-method combination is depicted in the following four tables
2.1, 2.2, 2.3 and 2.4. The references for the extracted tables are marked with the
associated number among the references in the back of the thesis (marked as LR-

referendelD).
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Table 2.1: The tactile, inertial and compressible media navigation technologies com-

parison table.
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load element 8395a/low HC-8R04
for separate
components
Motorol Microstrain |~few hundred
Prere’® | 3DM, MTI-G | £ (Neumann
Droid/ Xeens microphone)/
User device cost - low low Crossbhow P £10.00
~1000&/ Devantech
IMU
3000 C phone sensors| us
~5& module(10£)
E xpensive/ Devantech
100£ per sonar module
Infrastructure
o |[FxEmmat] low low (10£)/3D- | £10.00
cost B0€ per
Locus 100£
3x0.5m
per node
mat
1,36,38,41,
43, 53,56,58,] 1, 16,17, 35,
References 81,82,83 18 84,108 72,78 60,62,65,65,]139,66,86,87,| 35,563,890
71,80,85,92, 99
8
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The tactile devices on user can be touch sensitive elements to indicate for exam-
ple zero updates for the inertial mechanisation. The environmental tactile devices
are for example mats with smart sensors measuring the user location. The odome-
ters are familiar from cars and bicycles that count the travelled distance. Inertial
dead-reckoning is usually implemented by using double integration of the gyro and
accelerometer outputs. An alternative method is to map the sensor reading into
next position by using classification and learning methods related to each individ-
ual location. The sound and ultrasound localisation is accurate but suffers from
multipath. A barometer as a relative measure can help in determining the current

height.

Table 2.2: The broadcast RF navigation technologies comparison table.

Physical property Broadcast RF
Positioning method GNSS Pseudolites Wide area network
Technology role absolute absolute absolute
Data type synchronisation synchronisation ! synchlrorysatllonrf'
fingerprinting/ timing
Data rate ~1Hz ~1Hz ~1Hz
lambda ~1m/4-256m/
2cm —3m/ ~T7 lsed
Accuracy 4m—Tm om = 3m/~7m (pulsec | 5 @My 10 - 28m/
pseudolite)
>100m
Reach Outdoo.ﬁ SE.lt.enlte ~tens of kms (50km) ~kms
availability
Energy consumption/ ~500mW/>150mW/
. 1.5W receiver ~1W transmit power ~1W (TI OMAP)
Computational load .
consumption
Locata receiver ~5000£/
User devi st blox LEASH ~50£ 10£ (OMAP)
ser device co ublox IFEN NavX > l )
>expensive
Infrastructure cost >expensive ~100000£&/transmitter expensive
(CNET .com/mews)
References 1 1,40,46,4 1,8,37
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The global navigation satellite systems emit their specific signals. GPS, GLONASS,
Galileo and Beidou satellite signals are different and thus the receiver needs to have
the ability to synchronise with each using different methods. The pseudolite signals
imitate the satellite signals but the pseudolite anchors are located on the ground.
The Locata is perhaps the most advanced pseudolite alike device that has been
developed. Wide area network opportunistic positioning is challenging since these
signals have not been designed to be used for positioning. These are the radio and
the television signals.

The received signal strength fingerprinting is perhaps the most trialled method
for acquiring position indoors. Time resolution for WiFi protocol is not yet fast
enough for enabling timing approaches to work as well as the fingerprinting. The
angle of arrival method needs sophisticated antenna design on the receiver side. The
Bluetooth low energy anchors are easily deployable. The advertising frequency is
also much higher than with the WiFi. Similar methods work faster when using BLE.
For Ultra-wideband transceivers, the timing methods have been proven successful.
It is perhaps the most feasible technology for line of sight indoor positioning. RFID

methods demand more setting up effort compared to the UWB technologies.
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Table 2.3: The local area broadcast RF navigation technologies comparison table.

Physical Local RF
property
Positioning . WiFiToF/ RFID RFID
WiF1 RSS ELERSS | UWEToF |[UWERSS ) passive
method AcA active user
user
Tec]:;l;)elogy absolute absolute | absolute absolute absclute | absclute | absclute
finger- finger- finger-
Data type printing/ range/ printing/ range printing/ pattern | proximity
range angle range range
conversion conversion conversion
0.2,1,2,30
Data rate 0.2,1,3Hz |1,2,10Hz U 0.75,10,25 Hz 0.2,0.5 Hz| 20,80 Hz
15cm/ 50em/
Accuracy |2 -4m/1.53m|1.7-10m ~2—5m/ Zem/ 20cm/ 95m |-18miom| _1°°
1.88m 50cm
30em/ 1 —7am
~bm/ 50-
Modifiable | 100m/175m
~45m/ 10m/ 1-25m/ (sounder
Reach 95 - 50m “25M |1 50m open |Zetik)/ 3 0m(in - 30-100m)  ~Im
field tunnel/ T2m
with los)
>1W/700mW >1W/500mW ~200mW
Energy WSNB02GX/ <50mW/ | transceiver/ reader/
consumption/| >500mW >1W/ 30mW 300mW i —950mW <50mW
Computationa| transmit and | 100mW |nRF51882/| receiver tag/
1load 200mW for 25mW B00mW 300mW
receiver transmitter reader
expensive ~300£1-
laboratory Card IIT
User device ~5&£ BT equipment/ interrogat
cost HP Ipaq 77& >5& recelver 60& for i or/ M220 >10£ tag
ubisense tag >500£
IP63 shim reader
I expensive ~200&/
nfrastructure| >50£(AP |>50£ (AP |~10&beaco b ora to i 5108 & 10008
cost Prices)/20£ | Prices) n,5& AR ora Ty g >
equipment reader
1,2,3,4,5,
1,7,9,10,19, 119 99 6,23,24, | 1,11, 12, 29,
References |20,21,22,57, 7’8 7’7 9’ 25,26,27,130,31,32, 36, 35,74 1,15 1,13,14
64,91,02,114| """ |28, 35,100, 68, 6
11
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Table 2.4: The magnetic and camera navigation technologies comparison table.

Physiecal . . .
ysie Magnetic Light IR dight
property
Positioning | magneto- electromagn. image
£ transmitter- fimage marker g image marker|image feature |[PMD/ToF
method meter . feature
receiver
relative when beolut relative when
marker in a S'?tﬁ € markerin | absolute with
Technology , environment/ wi environment/| database/ .
relative absolute database/ relative
role absolute absolute odometer
odometer .
when marker i when marker relative
relative
on user on user
angle/ Nferranging/
Data type |ingerprintin Complex pattern pattern pattern pattern ranges
Image Theory| detection detection detection detection
g ranging
Data rate 5,75 Hz 1H=z 5,15,30 Hz |0.1,4,30 Hz 50 Hz 20 Hz
lmm for | 1% ofrange’ ~10em/1%
permanent Sem drift for GmiActive
Accuracy magnet/ (resonance | 1mm/30cm | odometer/ |Badges Co0)/| 0.2 -0.8m |<decimeter]
20cm for coupling)/ 20cm/ 50em/| 10em
fingerpr. 21em/10cm 15cm
1m/ ~Bm/ scalable ~Bm/
tic and scalable and (tag
Reach magnet ~50m/ 2m , | placement) ~6m/ 10m 0.1 -4m
fingerprint resolution | resolution —6m
map dependent | dependent
<50mW for <50mW for
sdometer markers and
Energy >300mW/ nd 3,3V*50mA=
tion/ Cow - . ;
consumptio <50mW S1W 2W/ 5900mW/ 166mW forﬂ <50m“; | 300mW
Computa- snapshot S AW for camera(0OV96| (thermopile)
tional load 700mW cameras’ 25) *
684mW | Procesne
consumption
~1£ for
1085 odometer/ 12/ e
User device - r 108 and |~ AR ~1g/
o >28/ 108 >1000£ camera/ 5008 1002 f and thermonile -
@ for CLIPS " | -10&/camera P
camera
modules
. ~1£ per
>1000£/16€ >10£ for ~1&/marker | thermopile/
Infrastruc- ) per mm2 ~10- 100 £
>28%n . ) marker and 8000€ -
ture cost (tiletraclk)/ per camera .
. amount ~10&/camera | microbolo-
Xsens Mt
meter camera
1,33,34,35,
1,49,53,63, 43,44, 45
Refe 1,39,93,95 1,33,34 o 1 1,39,101 117
Clerences | g4, g6 51,61,70,
79
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Positioning exploiting the magnetic fingerprinting method is relatively accurate
within a designed room sized space with a known magnetic map. For pedestrian
purposes, the most useful way to use magnetometers is to measure the north while
outdoors and when no disturbing nearby magnetic fields are present. The camera
based stereo vision or structure from motion methods need computational power
and line of sight for the user camera. The infrared light methods could be used in
the dark for specific applications. The time of flight cameras offer depth information

in addition to the 2D image information.

2.8.1 Analytic Hierarchy Process for Technology Prioritisa-
tion

The AHP, analytic hierarchy process was selected for technology comparison and
evaluation. Navigation application design is subjective to the psychology and needs
of the people as well as to the exact mathematics of the different navigation tech-
nologies. The AHP method combines the two, the hard figures with the subjective
expert opinions. It is a structured technique for organising complex decisions. The
overall goal is divided into subsets. These subsets are simple enough for a person
to be able to evaluate. They can be subjective or defined simply by mathematics.
The technique is explained as the technologies are being evaluated in the following

pages according to Ye et al. (2008) and Basiri et al. (2015).
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Pairwise Comparison Matrix

The first step in the process is to acquire the pairwise comparison matrix for the
selected criteria. Then the the criteria is chosen by keeping in mind the research
goals which are for seamless pedestrian navigation. The following list shows the
chosen criteria; data rate, accuracy, reach, energy consumption, user device cost and
infrastructure cost. The pairwise importance matrix is shown in table 2.5 below.
Here the ratios show the importance given pairwise for each pair. For example,

accuracy is taken as 5 times more important than energy consumption.

Table 2.5: Pairwise comparison matrix of the selected criteria.

energy user device [infrastructure
data rate |accuracy |reach consumption cost cost
data rate 1 1/9 1/5 1/3 1 1/5
accuracy 9 1 3 ] ] 3
reach 5 1/3 1 3 5 3
energy consumption 3 1/6 1/3 1 3 3
user device cost 1 1/5 1/5 1/3 1 1
infrastructure cost 5 1/3 1/3 1/8 1 1

The columns are then normalised, after which the average of each row is taken.
These average values are now the weights for each criterion. They are shown in

table 2.6.

Table 2.6: Weights for the criteria. Indicates how much importance is given to each
criteria.

data rate 0.04
accuracy 0.42
reach 0.24
energy consumption 0.14
user device cost 0.06
infrastructure cost 0.10
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Consistency Index

For checking whether the subjective pairwise evaluation was consistent we can derive
a consistency index and ratio which indicate this. First, the weighted sum of the
two matrices in tables 2.5 and 2.6 is derived.

Then a consistency vector is formulated by taking a dot product between the
weighted sum matrix and the reciprocal of the weight matrix. The average, which
is the eigenvalue of the consistency vector is then denoted as the lambda A. The
Consistency Index (CI) can then be derived by the following formula and is in our
study 0.097. The Consistency ratio is the consistency index divided by 1.25 which
is called a random index. This divider is a random index with which the acquired
consistency index is compared. This particular value is for the amount of six different

criteria and is taken from a look-up table in the AHP literature.

B (A—n)
Cr= (n—1)
CI =0.097 (2.1)

CR=CI/1.25=0.078
If the consistency ratio is below 0,1 as it is, we can say we have been consistent

in our pairwise evaluation. If it was not so, the pairwise subjective evaluation step

should be retaken.
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Pairwise technology comparison matrices for each criterion
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Then next step is to repeat the pairwise comparison and consistency check between

each technology. First we estimate the data rate between importances on each

technology and then accuracy and so forth. These subjective evaluations are shown

in the tables 2.7, 2.8, 2.9, 2.10, 2.11 and 2.12.

Table 2.7: Data rate.

tactile
environ- GNSS and User Network
ment sound Pseudolites |WAN WiFi BLE UWB RFID cameras |cameras
tactile
environ-
ment 1,00 1,00 5,00 5,00 3,00 0,33 3,00 2,00 3,00 1,00
sound 1,00 1,00 5,00 4,00 3,00 0,33 2,00 3,00 5,00 2,00
GNSS and
Pseudo-
lites 0,20 0,20 1,00] 1.00 0,50 0,14 0.33 0,50 0,50 0,20
WAN 0,20 0,25 1.00; 1.00 0,50 0.14 0.33 0,50 0.50 0,20
WiFi 0,33 0,33 2,00 2,00 1,00] 0,33 0,50 1,00] 1,00 0,33
BLE 3,00 3,00 7,00 7,00 3,00 1,00 3,00 5,00 4,00 3,00
UWB 0,33 0,50 3,00 3,00 2,00 0,33 1,00 2,00 1,00 0,50
RFID 0,50 0,33 2,00 2,00 1,00 0,20 0,50 1,00] 0,50 0,23
User
cameras® 0,33 0,20 2,00 2,00 1,00] 0.25 1,00 2,00 1.00 0,25
Network
cameras 1,00 0,50 5,00 5,00 3,00 0,33 2,00 3,00 400 1,00
Table 2.8: Accuracy.
tactile GNSS and
environ- Pseudo- User Network
ment =ound lites WAN (WiFi BLE TWB RFID cameras  |cameras
tactile
environ-
ment 1,00 1,00 5,00 5,00 4.00 4,00 1,00] 3.00] 1,00 0,50
sound 1.00 1.00 5,00 5,00 4,00 3,00 1,00 2,00 0,50 0,33
GNSS and
Pseudo-
lites 0,20 0,20 1,00 1,00 0,50 0,33 0,14 0,25 0,14 0,11
WAN 0,20 0,20 1,00 1,00] 0,50 0,33 0,17 0,25 0,14 0,11
WiFi 0,25 0,25 2,00 2,00 1,00 0,50 0,14 0,20 0,17 0,14
BLE 0,25 0,33 3,00 3,00 2,00 1,00 0,20] 0,33 0,20 0,17
UWB 1,00 1.00 7,00 6.00] 7,00 5,00 1,00] 4,00 0,50 0,33
RFID 0,33 0,50 4,00 4.00] 5,00 3.00 0,25 1,00 0,20 0,14
User
cameras”® 1.00 2,00 7.00 7.00] 6.00 5,00 2.00 5.00 1.00 0.50
Network
cameras 2,00 3,00 9,00 9.00] 7,00 6,00 3.00] 7.00] 2,00 1,00
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Table 2.9: Reach.

tactile GNSS and
environ- Pzeudo- User Network
ment sound lites WAN |WiFi BLE UWB RFID cameras |cameras
tactile
environ-
ment 1,00 0,33 1,00 0,33 0,20 0,25 0,33 1,00 0,20 0,50
sound 3,00 1,00 1,00] 0,33 0,33 0,50 0,50 2,00 0,33 1,00
GNSS and
Pseudo-
lites 1,00 1,00 1,00 0,50 0,25 0,33 0,33 0,50 0,25 0,50
WAN 3,00 3,00 2,00] 1,00 0,33 0,33 0,50 1,00 0,50 2,00
WiFi 5,00 3,00 4,00] 3,00 1,00 1,00 2,00 4,00 1,00 2,00
BLE 4,00 2,00 3,00 3.00 1,00 1,00 1,00] 3,00 1,00 2,00
UWB 3.00 2,00 3,00 2,00 0,50 1,00 1,00 3.00] 0,50 1,00
RFID 1,00 0,50 2,00 1,00] 0,25 0.33 0,33 1,00 0,33 0,50
User
cameras® 5,00 3.00 4,00] 2,00 1,00 1,00 2.00 3.00] 1,00 2.00
Network
cameras 2,00 1.00 2.00] 0.50] 0,50 0,50 1,00] 2,00, 0,50 1.00
Table 2.10: Energy efficiency.
tactile GNSS and
environ- Pseudo- User Network
ment =sound lites WAN |WiFi BLE UWB RFID cameras |eameras
tactile
environ-
ment 1,00 1,00 5,00 2,00 1,00 0,33 1,00] 2,00 6,00 1,00
sound 1,00 1,00 3,00 3,00 2,00 1,00 2,00 3,00 5,00 1,00
GNSS and
Pseudo-
lites 0,20 0,33 1,00 1,00] 1,00 0,20 0,33 0,50 2,00 0,33
WAN 0,50 0,33 1,00 1,00] 1,00 0,25 0,50 1,00 2,00 0,33
WiFi 1,00 0,50 1,00 1,00 1,00 0,33 0,50 1,00 3,00 0,33
BLE 3.00 1,00 5,00 4,00 3,00 1,00 2,00 3,00 4,00 1,00
UWB 1,00 0,50 3,00 2,00 2,00 0,50 1,00 2,00 3.00 0,50
RFID 0,50 0,33 2,00 1,00 1,00 0,33 0,50 1,00 2,00 0,33
User
cameras® 0,17 0,20 0,50 0,50 0.33 0.25 0,33 0,50, 1,00 0.25
Network
cameras 1,00 1,00 3.00] 3.00] 3.00 1,00 2.00] 3.00] 400 1,00

Our subjective evaluation of technologies concentrates on a buildingwise solution.
Data rate comparison concentrates on the data rate of the user device. Similarly,
the accuracy is thought to be the accuracy capable of achieving indoors rather than

outdoors since this is the key problem to solve.
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Table 2.11: Device cost.

tactile GNSS and
environ- Pzeudo- User Network
ment sound lites WAN |WiFi BLE UWB RFID cameras |cameras
tactile
environ-
ment 1,00 1,00 3,00 1,00 1,00 0,50 2,00 3,00 2,00 1,00
sound 1,00 1,00 3,00 3,00 1,00 1,00 2,00 4,00 3,00 1,00
GNSS and
Pseudo-
lites 0,33 0,33 1,00 1,00] 0,33 0,20 0,25 0,50 1,00 0,25
WAN 1,00 0,33 1,00 1,00 1,00 0,20 0,50 3,00 3,00 0,50
WiFi 1.00 1,00 3,00] 1,00 1,00 0,33 2,00 3,00 2,00 1,00
BLE 2,00 1,00 5,00 5,00 3.00 1,00 2,00 5,00 5,00 2,00
UWB 0,50 0,50 4,00] 2,00 0,50 0,50 1,00 3.00] 3.00 0,50
RFID 0,33 0,25 2,00 0.33] 0,33 0,20 0,33 1,00 1,00 0,33
User
cameras® 0,50 0,33 1,00] 0,33 0,50 0,20 0,33 1,00 1,00 0,25
Network
cameras 1,00 1.00 4.00] 2,00] 1,00 0,50 2.00] 3.00] 400 1.00
Table 2.12: Infrastructure cost.
tactile GNSS and
environ- Pseudo- User Network
ment sound lites WAN IWiFi BLE UWB RFID cameras |cameras
tactile
environ-
ment 1,00 0,20 0,50 0,11 0,14 0,17 0,25 0,50 0,13 1,00
sound 5,00 1,00 6,00 1,00 0,33 0,50 1,00 3,00 0,25 5,00
GNSS and
Pseudo-
lites 2,00 0,17 1,00 0,33 0,17 0,20 0,25 1,00 0,14 1,00
WAN 9,00 1,00 3,00] 1,00 2,00 2,00 3,00 5,00 1,00 7,00
WiFi 7,00 3,00 6,00 0,50 1,00 1,00 2,00 400 0,33 2,00
BLE 6,00 2,00 5,00 0,50 1,00 1,00 2,00 4,00 0,50 3,00
UWB 4.00 1,00 4,00 0,33 0,50 0,50 1,00] 2,00 0,33 2,00
RFID 2,00 0,33 1,00 0.20] 0,25 0,25 0,50 1,00 0,25 1,00
User
cameras® 8,00 4,00 7.00] 1,00 3.00 2,00 3.00) 400 1,00 6,00
Network
cameras 1.00 0.20 1,00| 0,14 0,50 0.33 0,50 1,00 0,17 1,00

Reach is not only how far a user device is capable of getting ranging information
from but also current existing availability and the ease in deployability. Efficiency
is plainly thought on the user side. How efficient the end user product could be.
Likewise, the device cost only concentrates on the device itself. For example, if

only communication link on the phone is necessary to acquire solution from the
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environmental camera positioning system, then in this case the user device side is
very cheap. Infrastructure cost depicts then how expensive it would be to set up a
system on a normal commercial building block.

The preliminary elimination of few approaches was executed in the selection of
the technologies for the comparison process. The first obvious elimination was all
of the relative positioning methods since it is more feasible to examine the absolute
positioning systems first. Relative positioning systems will be considered afterwards
as the inference is easier after we know which of the technologies can provide absolute
positioning reasonably well. An absolute position for indoor is emphasized in our
evaluation since this is the decisive factor for the whole hierarchic process study for

achieving seamless positioning.

AHP Result

Table 2.13 lists the importance for each absolute technology method that was se-

lected for the comparison.

Table 2.13: Result of the AHP analysis. Higher is better. Total sum is 1.

tactile GNSS and User Network
environment |sound Pseudolites [WAN (WiF1 ELE UWB RFID cameras |cameras
0.09 0.11 0.03 0.06 0.09 0.12 0.12 0.06 0.15 0.17

When ordered the list looks like following

1. Network cameras

2. User cameras
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3. BLE and UWB

4. Sound

5. WiFi and Tactile

6. WAN and RFID

7. GNSS and Pseudolites

2.8.2 Discussion of the results

The surveillance cameras are already around cities and especially within commercial
centres. Other reasons why network cameras came first in the evaluation were the
necessity of only a data link in the position processing. This study did not take
into account the difficulty in identifying the correct person within the surveillance
cameras in order to offer an individual the correct localisation information. But
the accuracy of the camera systems is undoubtedly very high, although there are
challenges remaining with the luminance and the multi-user identification.
Usability and privacy were not taken into account in this study. If the user has
to pinpoint their camera while walking, the usability of the navigation application
would not likely reach the acceptance level of a wider audience. Camera on the user
also demands battery power when processing through image matching or structure
from motion steps. Still again the accuracy is good. Accuracy along with the
snapshot approach for snapshot positioning made the camera on the user to come

second.
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Both the Bluetooth low energy and Ultra-wideband technologies scored similarly.
Bluetooth is very fast and easily deployable while UWB is very accurate. Compared
to cameras, both technologies can function without line of sight although multipath
and indoor environment makes the position derivation challenging. Fingerprinting
locations partly compensates this for the BLE. However, changes in environment
like moving furniture will require recording the required radiomaps again. Ultra-
wideband ranging reaches accuracy of few decimetres when line of sight conditions
apply. Usability of both of these RF techniques is much better compared to cameras.
There is no need for the user to do extra adjustments for acquiring their position.

Sound based methods scored close to the BLE and UWB. Reach and noise re-
sistance are slightly worse.

WiFi is very slow and the tactile environment will be very expensive which
makes these two not to fare well. Even more so for WAN and RFID. The wide
area network signals were not designed for positioning and are thus very inaccurate.
RFID security issues and expensive readers and tags make these two the second
last. The pseudolites are expensive. The GNSS signal carrier frequencies tend to
attenuate in urban areas and especially indoors. Only more expensive high sensitive

receivers are able to operate indoors.

On relative positioning technologies and conclusions

Inertial sensors are often used in assisting a navigation system. For cars, if a GNSS

signal gap occurs the inertial system can follow the car movements by dead reck-
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oning. Barometer is small and offers an additional estimate of the height change.
Likewise, magnetometers can indicate the north and aid with heading error. Tactile
event switches can offer constraints.

According to what the study indicates the following technologies are chosen.

e UWB (for accuracy)

e BLE (for deployability)

These technologies for indoor positioning offer absolute positioning information. In

addition,

e GNSS

for outdoor absolute positioning.

e Foot-mounted IMU

was chosen as an additional relative navigation aid. These agree with the study and
also with the usability requirements and are now stated here as the most promising
alternatives in order to achieve the goal of seamless navigation. The rest of the thesis

will focus on these technologies and seamless navigation trials conducted using them.



Chapter 3

Methods for Seamless Navigation

Systems

The plethora of sensors offer a wide range of raw data to be processed. Unlike the
raw data, the location information is at a higher level of abstraction. The raw data
needs to be processed using appropriate methods to get the best out of it. In this
chapter, the focus is on acquiring position and context information out of the raw
data. The focus is on the methods for the selected technologies of the previous
chapter. The comparison and the selection of the most fit methods follows, after an
overview of the methods for each technology is presented. The context derivation

from the raw data is examined in the end of the chapter.

89
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3.1 Imnertial Dead Reckoning

The Inertial Measurement Units include the accelerometer and the gyroscope sen-
sors. The accelerometers measure the current acceleration of the sensor body axis.
The reading of the current acceleration is shown for each axis of the 3-dimensional
space.

The gyroscopes sense the rotation of the body around the three axes. Current
angular speed reading is given for each axis.

We look first into the coordinate frames used in this study. The mechanisation is
the core component of this chapter that depicts the process of dead reckoning with
associated formulas. The initial value derivation is essential for the mechanisation
process to succeed. As well, the errors need to be tracked. A compensation of these
errors have to be done either by using zero updates or by other means. Alternative
ways for dead reckoning are shortly examined before making conclusions in order to

proceed.

3.1.1 Coordinate Systems and Quaternion Representation

Four common coordinate systems are introduced. The definitions according to

Groves (2013a), Hide (2003), Rahim (2012), www.navipedia.net (Accessed 20.9.2017)

for the Inertial, Earth, Local Tangent-Plane and Body coordinate systems follow.
In an Inertial coordinate system, the origin is at the Earth’s centre of mass.

According to the conventional celestial reference system like the J2000, the z-axis
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points towards the earth mean rotation pole. The z-axis also points towards the
north. The x-axis is the direction from earth to sun at mean vernal equinox at exact
time epoch defined in the J2000. The y-axis completes the right-hand coordinate
system. The coordinate system does not rotate with the earth.

Similarly, in the Farth frame earth centered coordinate system, the origin is at
the Earth’s centre of mass and z-axis points towards the north. According to the
ECEF coordinate system WGS84, the z-axis points towards the IERS Reference
Pole, which is also the Conventional Terrestial Pole (CTP). The x-axis is fixed to
point towards the intersection of equator and IERS Reference Meridian (IRM) that
is the 0-degree meridian. The y-axis points towards the intersection of the equator
and 90-degree east meridian.

Local-Tangent Plane coordinate system origin is a selected location with a dis-
tinctive feature within the environment on the earth’s surface. The z-axis points
down towards the centre of Earth according to the normal to the ellipsoidal model.
The x-axis points to the north and the y-axis to east.

Body Frame coordinate system origin is a point on the object or user that is
tracked. The x-axis points usually towards the direction of movement. The y-axis
points to the right and z-axis down.

The quaternions represent the orientation of the tracked object w.r.t. the refer-
ence frame. A quaternion by itself can be thought of to be depicting a rotation from
the zero-rotation state. It is a hyper-complex number with four components. The

pure imaginary vector part consists of three numbers that define the rotation axis.
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The scalar part is always real and defines, in part, the amount of rotation around

the rotation axis. Figure 3.1 depicts quaternion rotation.

Figure 3.1: Example of rotating object body coordinates in the local tangent plane
coordinate system orientation using a quaternion. Rotation axis is marked with n
and 6 shows the amount of rotation.

3.1.2 Mechanisation

The mechanisation is the process of acquiring the orientation, the velocity and the
position changes using the gyro and accelerometer values. An estimate of the posi-
tion, velocity and orientation of the object are the required initial information. If the
Inertial Measurement Unit (IMU) sampling rate is 100Hz we get 100 accelerometer

and gyro measurements per second.

Attitude

Mechanisation starts with the gyroscope readings. A prior attitude is used as the

input for the new attitude determination process epoch. The orientation of the
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object body is then updated using the latest gyro measurement. The angular rate
reading for each axis shows how the object has turned during the epoch.

The rotation matrix is another tool for representing object rotation. A quater-
nion can be converted into rotation matrix and vice versa. The small angle approx-
imation can be used with the rotation that is defined by the gyro measurement if
the sampling rate is high enough. Then the new rotation matrix at the end of the
attitude update can be presented by the following equation (i is inertial and b is

body frame).

Crew = (I3 + 6tQ5) O (3.1)

Here C' is the rotation matrix and €2 is the skew-symmetric matrix of the angular
rate vector as described by Groves (2013a). Moreover, the angular rate is considered
constant over the sampling period. This is also the first order approximation of the
true angular motion change. Using the higher order terms for the more precise
derivation of the rotation change, increases the computational load and complexity.

Equation 3.2 is the power series representation of the rotation derivation.

e l?/\ r
Cnew = Z [alb } C(old (32)

|

— ol
Here a = 6t€2, is the angle change for the current epoch. The so-called exact
solution can be used instead of the first order approximation. Equation 3.3 shows

this in power series form according to Groves (2013a).
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2r 2r

(b A + abl | [abAI})Coa (3.3)

Cnew = (I3 + o0 r 0 r
ZT‘ZO(_1> 2r+1)! ZT:()(_l) (2r+2)!

Here r is the order. The Rodrigues’ formula, mentioned by Groves (2013a), can
be used to take advantage of sine and cosine, but the higher order the approximation
is the more computation is required.

The above equations are for the body to inertial coordinate system transforma-
tions. To transform to the Earth fixed reference coordinates, earth rotation needs to
be taken into account. The equation 3.4 includes the earth rotation rate €2f,. This
rotation rate has a very small value in comparison and has a very small effect (7 is

inertial, e is earth and b is body frame).

Crew = (I3 + 6tQ%)Corq — (6t95,)Cora (3.4)

When transforming into local tangent plane coordinates, transport rate is an
additional characteristics to be taken care of. Transport rate is the turn rate of
the local tangent plane centre with respect to the Earth. This is depends on the
latitude. The equation 3.5 includes the transport rate Q7 (i is inertial, e is earth,

n is navigation and b is body frame).

Crew = (I3 + 6tQ2)Corq — (6L + Q" ))Coa (3.5)
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An alternative way is presented by both Rahim (2012) and Hide (2003). Here the
Earth turn rate and local navigation coordinate system transfer rate is first extracted
using the reverse conversion of the previous attitude matrix. The turn rates are
thus converted from the Earth fixed coordinates to the sensor body coordinates for
subtraction from the gyro measurement. Equation 3.6 shows this. w is the angular

velocity.

why, = wh — Co(wh + W) (3.6)

The attitude is then updated using this compensated turn rate.

Velocity

After the object attitude change has been applied the acceleration measurement can
now be integrated into velocity, if the initial velocity is known. First the acceleration
measurement needs to be converted from the body coordinates to the coordinate
system where the solution is resolved. As the measurement is an average of the
whole epoch, equation 3.7 shows the formula for the epoch when the angular rate is

assumed to be constant.

(Cnew + Cald)fz'l;; (37)

N —

1~

Here f5 is the accelerometer measurement vector. The same formula applies

for Earth fixed and local tangent plane coordinate system transformations. A more
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precise transformation, with less approximations, can be found again in Groves
(2013a).
Again, the velocity in the inertial coordinate system is simply as is shown in

equation 3.8.

Upew = Vigg + 501 (3.8)

Here,

ay, = [+ g4(rh) (3.9)

where g% (r%) is the gravitational acceleration expressed using the inertial coor-
dinate system position r.

Centrifugal and Coriolis terms need to be included when resolving the solution
in the Earth fixed coordinate system. According to Groves (2013a) the Coriolis term

can be neglected except in space applications for being relatively small. Equation

3.10 shows the realisation formula in the Earth fixed coordinate system.

Vpewy = Vigg + (@, — 25, v54) 0t (3.10)

For the local tangent plane coordinate system, the transport rate of the local
plane needs to be added. This is shown in equation 3.11 ([ is the local tangent plane

replaceable by n for the navigation frame).
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Uhew = Vb + (aly — (U, + 200, )0l,,)dt (3.11)

new

Position

Position after one epoch is the old position added with the distance travelled ac-

cording to the average velocity during the epoch. Equation 3.12 shows this.

i i i PN
Prew = Pold + (Uold + vnew)? (312)

This applies for the ECEF coordinate system also when using the Earth fixed
coordinate system velocities. We used this representation in the local tangent plane
derived from the local tangent plane velocities. A curvilinear position representation
can be used instead of the local tangent plane. The equation 3.13 shows the height,
latitude and longitude for the local tangent plane. This is also the order they are
solved, first height then latitude and longitude. The h, L, X are the ellipsoidal

height, geodetic latitude and longitude respectively.

ot
hb — hgld . _( l,Down + l,Down)

new 2 old new
5t l,North 1.North
L?Lew = LZld + 5 vOlbd — + Un,bew : b (313)
2 RN(Lold)+hold RN(Lold)+hnew

6t l,East
A e = ALY+ — Voig vt
new old B 5 5 5 5 B
2 (RE(Lold)""hold)COSLOld (RE(Lnew)+hnew)COSLnew

Here Ry is the meridian radius of curvature and Rpg is the transverse radius
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of curvature of the Earth. Constant velocity and acceleration were assumed for
the above equations during the epoch. The precision equations and more detailed
explanation is found in Groves (2013a).

Figure 3.2 sums up the mechanisation steps.

Raw Gyro Raw Accelerometer
Attitude Force conversion
New attitude ~— #» Compensation » to local tangent
(Eq. 3.5) plane frame
o New velocity Force
Mechanisation and Position Compensation
(Eq.3.11-3.13) (Eq. 3.7)

Figure 3.2: The mechanisation process.

3.1.3 Initialization and Alignment

In the beginning the initial attitude, velocity and position of the object are unknown.
The initialisation is the process where the position and the velocity of the object
are determined. This can be done using external systems like GNSS or UWB posi-
tioning system. The velocity and position estimates are acquired using subsequent
measurements of the absolute positions.

The roll and pitch components of the alignment can be acquired using the inertial
measurements and the knowledge of gravity when the object is stationary. The roll
is the angle around the x axis while pitch around the y axis. This is called levelling
or horizontal alignment. Equation 3.14 shows the roll and pitch derivation from

the accelerometer measurements, according to Groves (2013a), Hide (2003), Rahim
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(2012). The x corresponds to the Northing and y to the Easting and z Down in the

NED coordinates.

o = atan2(—f,, — f.)

Jfa
VI + 2

If the inertial measurement unit accuracy is sufficient, gyrocompassing can be

(3.14)
)

0 = arctan(

used to get the yaw angle. In gyrocompassing, the earth rotation rate can be dis-
tinguished. This can be used to derive the Earth rotation axis and object heading
after levelling reveals the down direction. For MEMS sensors used for pedestrian

navigation this is not yet possible, since they are not accurate enough.

3.1.4 Error Sources and IMU placement

Groves (2013a) lists three error sources for inertial navigation systems. These are
the inertial sensor measurement errors, the initialisation errors and the process-
ing approximations. The processing approximations include the discrete time, the
gravity model, the computational and the timing approximation errors. The object
trajectory and dynamics influence the mechanisation errors. For example, if the
object trajectory consists of sharp turns the attitude error will be bigger, because of
the approximation of a constant force acting on the object during one epoch. This
approximation is more invalid the more there are fast sharp turns.

Furthermore, the errors can be divided into short, medium and long-term errors.

The short term errors include attitude errors, which will propagate into velocity
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direction and position errors. The scale factor and cross-coupling errors also have
an effect. Errors in gravity model and Schuler oscillation are mentioned as longer-
term errors. The Schuler tuning compensates for the inertial navigation system’s
changing north, east and down vectors while the platform moves on the earth.

Rahim (2012) mentions four different perturbation models for the inertial ac-
celerometer and gyroscope errors. Phi-angle, Psi-angle, modified error and large
heading uncertainty models are the four mentioned error models. The Error model
can be used to estimate the accelerometer and gyro based error propagation in the
output values. During an epoch, the error model predicts the development of the
error during this epoch. In addition to the accelerometer and gyro error propaga-
tion, sensor bias, temperature bias, scale factor and axis misalignment errors can be
included in the error propagation model.

For the pedestrian applications, the placement of the inertial sensor has a notable
effect on the mechanisation process. If the used sensor is a mobile phone that will
be carried on hand or in the pocket the mechanisation process will be challenging,
because the zero velocity updates can’t be applied as within the foot-mounted setup.
Hardegger et al. (2015) mentions examples on hip and belt mounted trials. He
names these as step and heading systems since instead of full mechanisation only
step detection with inference is applied for the user tracking. A similar naming is
in the review by Harle (2013).

The zero velocity updates can be used in the mechanisation process. This is

suited for the foot-mounted pedestrian systems. When the IMU is placed on the
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foot, each step a short stationary period can be detected. On the contrary when
the inertial unit is on the hand this detection is not possible since the unit is in
constant motion. This applies for the whole of the upper body IMU placement.
Error modelling and zero velocity updates will be further discussed in the following

chapters while examining the ways of integrating multi-sensory data.

3.1.5 Step and Heading Systems

If full mechanisation is impossible, estimation techniques can be used in determining
steps and heading. Nguyen et al. (2010) uses machine translation techniques for
mapping inertial sensor data readings into movements. Steps are calculated and
the readings are recorded. These inertial sensor readings are then compared with
external positioning system position outputs, like that of GPS, to learn the realised
user inertial track mechanisation in order to construct a database for IMU data
to walk trail translation. Neural networks can be used in the learning process.
Furthermore, Adusumilli et al. (2014) analyses the use of regression forests for the
same scenario.

Compared to Kalman approach the statistical error estimation requires a great
deal of effort from the system. At first the system has to learn how to translate
the IMU records into position updates. This gathered data needs to be saved,
which requires storage space. Adaptation to a new user, processing and organising
stored data requires computation power. Although, a simple system uses just a step

detection method with a fixed step length. Attitude determination requires gyros.
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With just one gyro on the user’s belt for example, the heading change can be tracked

with low accuracy.

3.1.6 Conclusions on IMU

Three accelerometers and three gyros make up an inertial measurement unit. Placing
one accelerometer onto a user is enough for step detection. One gyro is enough for
rough estimation of direction change. Statistical learning and inference of heading
and step length is thus possible with only the two sensors. Placement of these
sensors is crucial. Placing only one gyro on the foot may work as well as placing
it onto user’s belt. Generally, the acceleration change of foot makes the stationary
period detection much easier compared to if the accelerometer was placed on belt,
pocket or user’s hand.

As inference and machine learning techniques for high sampling rate data demand
a lot of storage space and processing, the implementation selection of inertial sensor
dead reckoning technique for mobile devices would benefit of being less resource
demanding. In this thesis, the mechanisation process that is the double integration
is used.

The POINT software is a Nottingham Geospatial Institute’s navigation software
package. It can do precise point positioning and double difference solution derivation
for GPS and GLONASS data. Currently Galileo and Beidou processing are being
added. In addition, it does precision double integration for the inertial data. The

software package is implemented for post processing the recorded measurement text
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files. It can fuse the GNSS and inertial data by both loose and tightly coupled
architectures (see 3.2.1).

The UWB and BLE positioning subsystems were implemented in MATLAB. In
order to be able to debug and visualize the multi-sensor fusion tracks, a port of the
inertial double integration of the POINT software was made into MATLAB. POINT
is written in C++ and can be compiled for Windows and Linux environments. The
POINT MATLAB port includes the inertial double integration process previously
described in this chapter. It uses first order approximations for saving computational
power. The MATLAB port is also a friendly way to learn how the POINT software
package works. For analysing the accuracy differences between POINT and the
MATLAB remake of the POINT software, multiple inertial tracks were processed
on both platforms. Same Zero velocity update algorithm was used for both versions.
Zero velocity detection compared the measured total gyro vector magnitude and
total accelerometer vector magnitude with a pre-set threshold. The results indicate
that the approximation errors are small in comparison with errors produced by
change in ground type, change in the strapdown technique of the IMU or the success
of the zero-velocity detection. The remake of the POINT software for MATLAB is
described later at the sensor fusion section along with the Kalman filter and the

zero-velocity update detection explanation.
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3.2 Timing based Ranging using GNSS and UWB

Ranging when using RF technologies requires very high-resolution timing. One
nanosecond error in timing, when ranging, is equivalent to an error distance of
approximately 30cm. Anchor locations, for GNSS the satellites and for UWB the
beacons, need to be known. Time synchronisation between anchors has to be exact.
Time recording of the sending and receiving of the ranging signal must be exact.
We look first shortly how the GNSS receiver functions. After that the ranging using

UWRB is discussed.

3.2.1 GNSS Receiver

The basic function for a GNSS receiver is to offer position information outdoors. As
explained previously, in urban and indoor areas this task is challenging because of
multipath and attenuation due to obstructions on the satellite signal paths. High-
sensitivity receivers try to extend the operation into urban areas, but no break-
through has been yet made that would make GNSS receivers work deep indoors.
Longer correlation times help in the synchronisation process.

Receivers constitute three abstraction levels. The top level offers position, ve-
locity and time information. This information is derived from the inner level, which
calculates pseudoranges for each available satellite. Further, correlation loops ad-
just the pseudo-random noise sequences (PRN) in the deepest receiver level to match

with the captured satellite sequences.
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If fusing GNSS receiver data with other sensors, loose coupling is a term used
when applying the top-level position information in the fusion process. Tight cou-
pling means that pseudoranges are used and deep coupling when correlation loops
are involved in the sensor fusion process. Main points considering sensor fusion
applications are now investigated. Figure 3.3 depicts the GNSS receiver service

functions.

Correlator Control

Pseudorange Calculation

Position, velocity and time processing

Figure 3.3: GNSS receiver service levels.

Previously, only position domain has been accessible for regular users of mobile
phones and the chips included. Android Nougat OS is possibly the first large scale
mobile phone product where the system can offer pseudoranges. A very interesting
development could enable centimetre level positioning for handsets is examined in
Humphreys et al. (2016). In any case, as Fernandez et al. (2011) emphasises, the pre-
sumption is that the receiver has access to at least four line of sight satellite ranges.
Fernandez et al. (2011) use only three satellite ranges with additional information

from a WLAN anchor.
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Positions for Loose Coupling

A reference frame uniquely points a location on the earth. As an example, we
examine the U-Blox manual and the receiver output that is built in the Microstrain
3DM GX4-45 sensor. The reference frame for the sensor output is WGS-84. Position
reference format options are LLH and ECEF. These are latitude, longitude and
height or the position in the Earth fixed frame. Dilution of precision, velocity, clock
information and further, the native options for U-Blox receiver communications are
available in different sensor modes.

Latitude and longitude in decimal degrees and height in metres outputs a position
on the earth. In addition, the sensor is able to offer horizontal and vertical accuracy
estimates. The accuracies are given in Circular Error Probable (CEP), which is the
50% circular confidence limit for half of the probability that the measured point is

inside the circle.

Pseudoranges for Tight Coupling

Instead of positions from the GNSS system, pseudoranges can be used in the final
solution derivation. Here range measurements from the GNSS receiver and for ex-
ample UWDB system can be used simultaneously in the position solution derivation.
Wang et al. (2016) applied this in their cooperative vehicle scenario with Doppler
difference measurements. UWB infrastructure anchor ranges were combined with
GNSS satellite pseudoranges in a robust Kalman filter, which improved the accuracy.

Furthermore, for deep integration, the reader is guided to check the excellent
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technical report by Schmidt & Phillips (2010).

High-Sensitivity Receivers

High sensitivity GNSS receivers are able to track the user even indoors. These
receivers are 1000 times more capable of resolving the GNSS signals. Ayaz et al.
(2010) used longer coherent integration times for static user indoors. GPS and
Galileo satellite signals were compared for indoor positioning and GPS L5 was found
to function best. GLONASS and Beidou signal study was left for future.

Lin et al. (2013) extended the high sensitivity functionality for software receivers.
The used software receiver was the C++ based GSNR, which is developed in the
University of Calgary. More in depth explanation of this software receiver can be

found by Tamazin (2011).

Conclusions

In this thesis, the fusion research concentrates on the loosely coupled approach. The
position and position accuracy measurements will be used from the GNSS receiver.
This simplifies the plug-and-play adaptability and modularity of the fusion design
in the first phase. The obvious next step continuing from this study would be to
extend the adaptability and modularity into the next inner abstraction level. This
means using pseudorange and Doppler difference observables with similar quantities

from the other sensors that are included in the sensor fusion process.
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3.2.2 Ultra-wideband Ranging

Partly because GNSS does not work well indoors, Ultra-wideband technology has
got recent attention as a technology that works indoors. UWB is defined as a signal
that covers 20% of the centre carrier frequency. Alarifi et al. (2016) reviews the
UWB technology and extracts three main reasons for recent interest to use UWB
for indoor positioning. High data rate (100 Mbps) allows fast communication, high
bandwidth makes it easier to deal with multipath and the low frequency used to send
the UWB pulses enables the signal to travel through obstacles that can be detected
on the other side. This means that line of sight condition is not necessarily needed for
positioning. Alarifi et al. (2016) also raises the modulation of the signal as a decisive
factor in successful enhancement of localisation. Pulse position modulation (PPM),
on-off keying (OOK), pulse amplitude modulation (PAM), pulse width modulation
(PWM), time-hopping spread spectrum (TT-SS), pseudo-random time modulation
(PR), binary phase shift keying (BPSK), time-hopping binary phase shift keying
(TH-BPSK), time hopping pulse position modulation (TH-PPM) and minimum shift
keying (MSK) are mentioned as alternative modulation options.

Alarifi et al. (2016) presents also algorithms that are used in UWB positioning.
These are time of arrival (TOA), time difference of arrival (TDOA), angle of arrival
(AOA) and received signal strength (RSS) based algorithms. The angle of arrival
method is difficult on the tag side because of the bulky antenna requirements while

RSS doesn’t use the advantages of the large bandwidth. Bellusci (2010) and Bras
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et al. (2012) agree that antenna design in general is one of the bottlenecks in UWB
performance. Thus, the timing approach seems the most promising approach. UWB
has a high time resolution although clock jitter is a problem. Out of TOA and
TDOA, TDOA is the more stable approach if the UWB anchors are not synchronised.

Bellusci (2010) analyses the statistical path-loss model used in UWB ranging.
The path loss model accuracy of the signal strength was found to be between decime-
tre to metre. Bellusci (2010) ended up in similar conclusion to that of Alarifi et al.
(2016) that timing based methods are more accurate. The accuracy can be below
decimetre down to lem. Moreover, Bellusci (2010) found that using bandwidth
larger than 2GHz improves the detection between line of sight and non-line of sight
conditions, although high bandwidth requires more from the hardware. His main
conclusions are that timing based methods are better, with an accuracy of below a
decimetre can be achieved under line of sight conditions and that fading increases

and accuracy decreases when used bandwidth is decreased.

Two Way Ranging by Decawave

In this thesis the Decawave TREK1000 ranging kit was chosen for the implemen-
tation of the UWB subsystem. The following is an excerpt from the Decawave
application notes, the white papers and documents found at the Decawave.com (12/
2016) website. A 450m line of sight reach and a 45m non-line of sight reach are
stated for the kit. The kit consists of three anchors and one tag. The range be-

tween each anchor and the tag is calculated using a two-way ranging time of flight
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approach. The master anchor is sending a proprietary timing synchronisation signal
that is used at the slaves for time synchronisation.

Figure 3.4 depicts the two-way ranging sequence between the tag and an anchor.
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Figure 3.4: Decawave Two-Way Ranging sequence between the tag and one anchor.

The equation 3.15 shows the time derivation for double-sided two way ranging
between the tag and one anchor. Initiating anchor sends an UWB impulse signal
which reaches the responder and which sends a response. Then the responder sends
a signal back for which the initiator sends a response and we have two round-trip

measurements as seen in the Figure 3.4.

T o TTounleroundQ - TrepllereplyQ (3 15)
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The above equation is not exact as two main error sources affect the timing.
These are reported as clock drift and signal level at both ends.

Ideally the signal level at the receiver or the transmitter side should not have
an effect in the ranging result timing. But unfortunately, this happens and to
compensate for this the microcontroller code does a tabular correction depending

on the measured range.
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For decreasing the effect of clock drifts at the measured ranging times the whole
two way ranging sequence should be as fast as possible. It is stated that if the reply
times on both the tag and the anchor are programmed to be 10ms the ranging due to
the clock drift should be around 2cm. The wireless clock synchronisation algorithm
is based on Kalman error tracking of the time of arrival and the clock skew. For the
Kalman filter the measurement variance and the process noise were optimised. The
measurement variance is declared to be 1.5 * 1072%s? for the TOA measurements.
Taking into account clock jitter, temperature variations and other device dependent
non-idealities, a measurement noise of 3.0 * 1072°s? was used. Process noise was
manually adjusted and found to be 5.0 x 1072°s2. For more detailed information,
the reader is directed to register for the website and browse through the application
notes. The range measurement code for the kit is openly available and enables

customizing the decawave chip functionality for the target application purposes.

Conclusions on UWB

The accuracy of the UWB system makes it the most attractive positioning tech-
nology indoors. The TREK1000 kit, which provides the most accurate results of
the available testing kits, achieves an accuracy of few decimetres even with slight
non-line of sight conditions and with human body shadowing effects.

The timing approach is held as the most accurate method for UWB. The IR-
UWB multipath rejection capabilities are better than the sound based technologies.

Multipath compensation using sound based systems is challenging indoors. These
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are the two main reasons for using the selected kit.

Along with being a relatively mobile and light weight kit, the selected UWB kit
is very customizable. More in-depth study by changing the microcontroller code
enables researchers to try out their own algorithms if necessary. For example, a
system design similar to combined GNSS code and phase ranging by Wan et al.
(2017) or double sided two-way ranging by Kwak & Chong (2010) could even further
enhance the current design the decawave system uses. Limitations like the algorithm
complexity and storage space on the embedded device limit the possible tests.

When using ranging and when the anchor locations are surveyed as accurately
as possible, position acquisition methods can be used. These include triangulation,
trilateration or multilateration techniques.

An iterative least squares trilateration was used for position derivation from the
ranges produced by the selected kit. The output of this algorithm was the position
and a standard error deviation estimate for this position and for each anchor the
residuals at the end of the iteration. A fixed number of 10 iterations was used with
the initial value as the previous value from the last UWB subsystem epoch. The

UWRB subsystem offers a new measurement each second that is at 1Hz update rate.

3.3 Signal Strength Measures for BLE

Bluetooth low energy is another wireless technology standard. It operates within

the ISM 2.4GHz band. The low energy standard concentrates on saving the energy
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consumption in comparison to the regular Bluetooth which concentrated more on
the personal mobile device data streaming.

The main application of BLE for localization is proximity based. As Cerru-
ela Garca et al. (2016) mentions, compared to WiFi, BLE signal strength has more
rapid fading, which makes the BLE to produce few more erroneous readings com-
pared to the WiFi. But the sampling rate being much higher compared to the WiFi
compensates for this drawback. In addition, BLE beacons are more deployable than
WiFi anchors. Channel separate polynomial regression and fingerprinting models
are mentioned. BLE consists of 40 2MHz narrow-band channels. Contreras et al.
(2017) describes that 37 channels are data channels while 3 channels, 37, 38 and
39 function as advertising channels. Being narrow-band the timing resolution and
multipath detection with BLE is much more challenging than with UWB. This is
why signal strength measurements are the better approach for BLE over the timing
based methods.

The three advertising channels can be set to advertise at 20ms interval. The
advertising channel can be set to use only channel 37 or to use all three channels.
When using all three advertising channels the advertising hops using the sequence
37, 38 and 39 at the defined interval. The advertising message can be set and even
the advertising power can be controlled when using class 1 BLE devices.

In the work conducted for this thesis, two Raspberry Pi’s with Cambridge Silicon
Radio adapters were used. These were set to advertise at 20ms interval. In addition,

four Kontakt.io beacons were used at 100ms advertising interval.
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Similarly, the scanning period can be set to 20ms using BLE adapter at the laptop
for example. The beacons advertise according to their own clocks and possibly
overlap when transmitting simultaneously and thus race over who gets heard by
the scanner. In general, the advertising channel signal strength is then used for
proximity positioning.

Zhuang et al. (2016) divides methods for BLE positioning into Polynomial Re-
gression Model (PRM) and fingerprinting (FP). Next these are examined, the PRM,
which indicates the RSS value into range conversion model and the fingerprinting

approach which uses the location based anchorwise RSS fingerprints.

3.3.1 Path-Loss Modelling

Path-loss models estimate the signal strength at a given distance. Lohan et al.
(2015) tested BLE and WiFi access points and their path loss models. A general
phenomenon was seen between 2.4 and 5GHz frequencies. Higher frequency signals
have higher path losses. Viswanathan & Srinivasan (2015) lists possible path loss
models. These are Log distance, Rappaports pathloss model and Friis transmission
model. In addition, Figueiredo e Silva et al. (2015) present an enhanced ITU-R

model. Equation 3.16 shows the ITU-R pathloss model.

4
P.(d)=Pr+C— 20[0910(%“73 — 20nlog1o(d) + v (3.16)

Here the received power at distance d is P.(d). Pr is the transmission power.
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C models additional system losses, while 7 is a constant modelling additional losses
in the path of the signal. v is log-normal distributed random variable presenting
fading. Fading describes the wireless channel attenuation due to multipath and
electromagnetic interference. Shadowing similarly describes the signal strength fluc-
tuation at a point in the channel. Multipath can be estimated by using ray-tracing
which requires knowledge of the walls and reflections and is then included in the

fading measurement variance for the channel.

3.3.2 Fingerprinting

Signal strength fingerprinting is a pattern recognition method. First, in the training
phase a pattern is recorded for each selected location. Secondly, in the measurement
phase, a measurement vector is compared with the database created in the training
phase. The best match can be derived from the matching process between the
measurement and the database.

Signal strengths can be recorded at different map locations. This way the wanted
locations can be associated with the signal strengths of each BLE anchor and with
the signal strength fluctuation at that map point. If available, other distinctive
sensor measurements could be used at the same time as fingerprints. The points
can be picked by using a grid structure or other applicable point node network
structure. The measurements conducted by Hao (2015) indicate that the Gaussian
Processes Regression can be used to model the WiFi signal strength and its variance

at a certain location. The signal strength area or path between recorded points can
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be interpolated using for example Gaussian Processes regression. In Lohan et al.
(2015) the k-nearest neighbour fingerprints were selected and an average of these
were taken as the location. Shadowing coefficient was the standard deviation of
the measurements from the average. Faragher & Harle (2015) achieved an accuracy

around approximately 3m when applying mitigation techniques for the shadowing.

3.3.3 Conclusions on BLE

When comparing with the UWB, the effort that is input in creating fingerprinting
maps and the low accuracy of this makes Bluetooth less attractive. But the ease in
deployment of BLE anchors and energy saving features, makes BLE the more robust
option.

A Bluetooth Special Interest Group (SIG) is investigating the ranging and angle
of arrival methods for standarsisation. The pathloss model deployment is fast unlike
the heavy fingerprinting method. Fingerprinting on the other hand is considered
slightly more accurate especially indoors where walls and changing obstructions
limit the usability of the pathloss models.

Both the pathloss and the fingerprinting were chosen to be tested. The con-
structed systems are explained in detail in the following chapters and the test result

indicate which approach is better when using BLE.
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3.4 Map Features and Constraints

Davidson & Piche (2016) lists three ways to match map and positioning subsys-
tems data. These are using wall constraints, road link-nodes or by adjusting user
heading according to the environmental features. 2D maps come naturally in mind
when talking of maps. Nowadays, when more accurate measuring is possible, 3D
representation is conquering the field.

Particle filter has been the favoured filter for indoors because of its robust nature.
Mansour & Waters (2013) successfully applied map matching for Kalman filter.
Here the map matching result was used as a correction update measurement for the
Kalman filter.

Further Quddus et al. (2007) reviewed map matching applied for vehicular traffic.
He divided the methods into geometric, topological, probabilistic and advanced map-
matching algorithms. Point and curve matching describe the geometrical approach,
while usage of polygons and network geometry were described as being topological.
An example of a probabilistic approach was used for crossing or link node proximity
decision by comparing the link node structure with the position solution error region.
Graphs with links and nodes by Koivisto et al. (2015) applied probabilities to the
nodes. Context inference, like a known destination, made some paths more probable
for the user to take. Advanced systems can for example use an inference engine or

fuzzy logic in deciding the correct travelled path.
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3.4.1 Conclusions on Mapping

The test walks in this thesis are conducted around and in the The Nottingham
Geospatial building (NGB). The NGB building walls have been surveyed beforehand.
Also, the location of the doors is known. Thus, using walls is an obvious choice. In
addition, each sensor subsystem produces unique tracks. The application of track

form matching in the final fusion process is investigated.

3.5 Navigation Context Inference

The previous sections focussed on deriving the positioning information out of the
selected sensor technologies. This section gives an insight to how the sensors can be
used for deriving contextual information.

This contextual information for navigation is roughly divided into two by Groves
(2013b). The sensors at different locations or worn by different users produce typical
output values and patterns that can be detected. These two main context subsec-
tions are the location based and the behaviour dependent contexts. First, we look
at the location based context derivation and then through the behavioural context
derivation trials. The conclusions section sums up the major points to be noted for
the pedestrian navigation applications.

Rivero-Rodriguez et al. (2014) summarises that context can be determined us-
ing physical sensors, virtual sensors (applications) and logical sensors (inferred from

physical and virtual). The contextual information changes according to location.
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Context also differs according to different behavioural features. As well, user inter-
action is involved in the determination of the context as stated. Moreover, navigation
target and route preferences define the context in part. Yus et al. (2014) tested an
adaptive location based node network system called SHERLOCK. This multi-user
system was tested for two use cases. These were firefighter communication during
mission and transport vehicle search for tourist who has just arrived to his/her des-
tination and does not know the surroundings. The main feature of the adaptive
system was the possibility to add multiple users whose knowledge of the situation
could be combined and shared for the advantage of every other node user.

Mobile applications use the context detection information. The context infer-
ence algorithms try to figure out the user context. FKither for commercial use or
user’s personal chores, in any case, defining the correct context offers enhanced
information for predicting user patterns and adapting to these possible upcoming
needs. The navigation filter can use this information to use the most fit sensors and

corresponding data to offer the best possible positioning solution.

3.5.1 Location Based

Rivero-Rodriguez et al. (2014) tested five classification methods for location detec-
tion. Out of the Naive Bayes, Decision Tree, Bagged Tree, Neural Network and
K-Nearest Neighbour methods the Bagged Tree method gave the best results. In
the Bagged Tree method, multiple decision trees are trained using different subsets

of the same larger dataset. Each tree is assigned a weight. Using a voting system,
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more weight is given to a tree in the region where the classification rate is better.
The locations used in the study were in the abstraction levels of home, work and so
on.

Perhaps the first and the most relevant detection is between the indoor and
outdoor environments. Daniel et al. (2016) developed a method for simple indoor/
outdoor detection. An indicator derived from GNSS receiver properties managed to
differentiate whether a person was walking outside or inside.

Bluetooth low energy (BLE) beacons send an advertisement message to the en-
vironment at fixed intervals. If GNSS receiver measurements are not available or
the quality is bad, these alternative proximity sensors may be used to indicate the
current location context and proximity. Camera based image matching using online
image database is another alternative.

A map is the most obvious representation of location. Most of the navigation
applications need a preloaded or online map database in order to present the location
to the user. For the blind or the deaf, touch and audio based navigation databases
are the better choice. In both cases, the location context is very much defined using
the map, depending on how successful the acquired positioning solution has been.

The map updates are relevant. Especially if the sensor infrastructure, like in
the case of Bluetooth low energy anchor deployment, is changing, the changes need
to be informed for the users map at latest when arriving to the proximity of the
system. GNSS signals report rough satellite locations within the navigation message

structure. Similar approach for the Bluetooth low energy devices could ease the map
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update process. BLE anchors capable of sending their locations would free the map

database of this responsibility.

3.5.2 Behavioural

Indoor spaces consist of stairs, hallways, corridors, offices, rooms, lifts and so on.
The user movement changes in these differing spaces. Restricted spaces usually
require the user to walk instead of running. In open areas, especially if the calendar
alerts of a missed meeting, the user might make a dash and run for a certain amount
of time. In taxis and trains, the vehicle vibration can be sensed.

Especially the inertial sensor can detect changes defining the behavioural con-
text. Khalifa et al. (2013) examined this and classified the pedestrian motion into
activities relative to the location. Walk, run and climbing stairs are examples of the
changing behavioural context. This behavioural activity information is related to
the vehicle type as well according to Groves et al. (2014). Vehicles have their indi-
vidual features that can be sensed. For example, if a smart shoe detects the round
motion of the foot while cycling, this is a clear indication of the user’s vehicle. This
is depicted in Figure 3.5.

An inertial trace, for climbing the stairs and when cycling, has distinctive char-
acteristics. The context engine can detect these differences and give instruction to
for example the navigation filter or another application. When cycling, an addi-
tional odometer on the bike could connect to the user’s mobile phone to enhance

smart-boot and GNSS position solution.
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Figure 3.5: Inertial traces for stairs and cycling.

The behaviour detection can be implemented at various levels of abstraction.
When cycling and the user is wearing a smart boot which senses inertial movement;
If the application needs the round motion information fast, the detection can be
implemented within the sensor itself and the sensor can have an output for the
cycling detection. This saves the processes on the mobile device side for something
more relevant, like the navigation solution derivation. The interface design between
the sensor and the mobile device has then an impact on the overall performance of

the system.

3.5.3 Conclusions on Context Inference

The context inference can include machine learning techniques. The user can be
identified by the smart shoe from the distinctive personal walking styles. Figure 3.6

summarises the location and user behaviour context inference for a mobile applica-
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tion.

User 1

Measurements

Navigation
Inference Filter

Figure 3.6: An example block structure of a location and user behaviour aware
mobile application.

Locations, environments and user behaviours produce individual sensor outputs
that can be distinguished. The depth of the context inference can vary from single
step detection to a more complex gait style/ user identification/ gait phase capable
detection for medical purposes as described for example by Tunca et al. (2017). Our
context engine uses the knowledge acquired from this chapter and from the literature
review. The design is presented in the later chapter dealing with map and context

engine design.



Chapter 4

Sensor Fusion Design

So far, adaptability in navigation has solely been the user’s responsibility. A simple
example of this is the use of GPS while driving and then checking the billboard map
within the commercial centre for finding the wanted shop. In order to increase the
level of seamlessness, the mobile phone that was used for car navigation should be
able to offer the same information as the billboard map. Even a further increase
could be possible if the application on the phone would be able to assist in navigating
to the correct shop while walking.

Two kinds of novel features of an adaptive device can be distinguished in the
previous example. The device that is capable of navigating the user to the shop,
has the configurational flexibility to do this. In addition, it has the environmental
adaptability to adapt to car navigation as well as to indoor navigation.

We look first through these two characteristics of an adaptive system. Secondly,

a review of filters presents filters like the Kalman filter and the Particle filter. Before

124
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concluding remarks and comparisons we examine the alternatives for sensor fusion

architectures.

4.1 Configurational Flexibility

Configuration for navigation purposes consists of the infrastructure, mobile device
sensors, mobile device hardware and of the navigation software. The infrastructure
and the sensors define the technology choices that the navigation solution derivation
can use. This affects strongly to the availability of the navigation solution. That
is if only GNSS is used and available there will not be a solution for all indoor
environments. Hardware aspects, such as the type and capability of the battery
and processor define the power configuration which also limits the software methods
that can be used. Software methods that will be implemented will have an effect on
the efficiency and accuracy of the final navigation solution. Figure 4.1 depicts this

novel division and lists the features that the corresponding level affects.

I Device
Availability Infrastructure

Battery and Processing Power
)

Efficiency and Accuracy -

Figure 4.1: Layer structure that enables navigation services.
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The diversity of sensors range from sensing the temperature to recording the
acceleration and measuring the deformation. Plug-and-play sensor modules all using
a well-defined unified serial interface would ease the hardware designer’s workload.
A common sensor interface would reduce the cost and complexity in connecting the
sensors to the system.

The interface consists of hardware and software components. Xi et al. (2006)
developed an adaptive multisensory interface. To reduce the cost, the same port
components were used for multiple sensor type interfacing. This increases the ef-
ficiency in the size and power when less components are needed. Eid et al. (n.d.)
own a patent for an Universal Sensor Interface model for aeronautic applications.

In addition, a smart sensor would be capable of telling the system of which type
it is. Dynamic calibration of the sensor is furthermore a feature that increases the
flexibility of the system. Smart sensors could be set up and used in altering ways
depending on the final application. To save space the sensor hardware could be
implemented on a reconfigurable FPGA (Field Programmable Gate Array). Then

the sensor hardware could be able to reprogram its FPGA accordingly.

4.2 Environmental Adaptability

For a truly seamless navigation system the changing conditions in the environment
should not affect the availability of the position solution. A seamless system has an

adequate number of sensors, the processing hardware and software for deriving the
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correct good quality position solution. This adequate sensor configuration is able to
offer enough positioning information for the navigation application. The application
is also smart enough in selecting the best quality measurements to use, independent
of the environment. In other words, the system adapts to the surrounding environ-
ment.

The application uses the available hardware resources and possible parallel ap-
plication information (e.g. calendar). Kray & Kortuem (n.d.) lists three resources.
The sensor measurements are the first obvious source of positioning information.
Secondly, the inference based positioning information from other applications and
position history help in deriving the position. Third, the interaction with the user
can be taken along to the solution derivation. The combination of information
happens in the Context Engine as depicted in Figure 3.6.

The applications at present are not very aware of all the possible resources that
are available in handheld devices. User’s context is hardly exploited in applications
nor even tried to be extracted. Apart from battery level bars the battery saving or
memory allocation information is not much shared between applications.

Kray & Kortuem (n.d.) combined measurements and inference based position
information with interactive positioning information coming from the user. The
user information can be often used for example as the first initialisation information.
Figure 4.2 depicts this procedure of measurement and user defined context enhanced

data combination in determining the context.
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Measurement

Inference

Interaction

Figure 4.2: Adaptive system uses and combines the information from multiple
sources and reiterates a solution when necessary.

It consists of three layers. For the actual positioning motor, like Kalman filter, an
adaptive feature is the monitoring of the residuals and the control of the noise in the
system and measurement models. These adaptive additions to conventional Kalman
filter prevent the divergence of the filter. Sasiadek et al. (2000) used a Takagi-Sueno
singleton fuzzification logic. It prevents the Kalman filter from diverging. This is
advantageous especially if the tracked target has sudden dynamic movements.

Similar divergence control was implemented by Hu et al. (2003). Here two al-
gorithms were tested of which the first one applied fading memory where the latest
measurements are given more weighting over a time period. The second one dealt
with the variance factor of the dynamic model. Ladetto (2000) lists that stride
length and gait characteristics should be taken into account when determining the

pedestrian steps. Step frequency, signal variance, road inclination or the stairs give
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hints for adjusting the filter to function correctly. For cars and odometers, the same
applies with suspension and the circumference of the car tires. Hide et al. (2007)
raises the question on how to use one filter in different environments. Synchroni-
sation of these different measurements and events is possibly the most important

challenge to overcome.

4.3 Classification

The dictionary definition for classification is the “comparison of the measurement
with pre-recorded databases”. The inputs are mapped into the outputs. For contin-
uous output, the mapping can be called regression whereas for discrete it is called
classification.

Alpaydin (2014) lists machine learning methods. These offer alternative ways
for navigation. The positioning systems are characterised by a set of parameters
like position and velocity etc. These parameters can be optimised through learn-
ing methods. For example, if the same person walks at the same speed through
checkpoint every day, this information can be used to identify that person.

There are two ways to learn, by prediction using example data or by description
acquiring knowledge of the data and measurements. Machine learning has often a
large space and time complexity. That is why efficiency and predictive accuracy
compete between applications. Nguyen et al. (2010) used classification by mapping

sensor readings into displacements using a statistical model. In the following few



CHAPTER 4. SENSOR FUSION DESIGN 130

classification and regression methods are examined.

Gaussian Processes: Rasmussen & Nickisch (2010) explains that Gaussian
process is a stochastic process. It depicts a gaussian probability distribution at each
point of the output function. Gaussian probability governs the properties of the
mapping function between test or the training data and the output values. Faragher

et al. (2012b) used Gaussian processes for RSS fingerprint heat mapping.

Principal Component Analysis: Mitchell (2007) considers that to save stor-
age within a multi-sensor system an approach like PCA can be applied. A common
set of vectors is built to represent the raw data. The measurements can be trans-

formed into, for example, common representation of a posteriori probabilities.

Support Vector Machines: SVM is also called the kernel machine. The sup-
port vector machine is a classifier. This classifier is usually a separating hyperplane
that distributes new data into either of the sides. The hyperplane is called opti-
mal if the marginal between the data points and the hyperplane on both sides is
maximal. Using multiple kernels additively the new data can be separated by the
learning criteria within these kernels or support vector machines. Figure 4.3 depicts

the optimal hyperplane.
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+

Figure 4.3: SVM divides data into two using a kernel. Multiple kernels can be used
additively to classify the data further.

Decision Trees: Decision trees consist of decision nodes. The training input
data defines the tree. When test data is input, it goes through the decision nodes.
Decision nodes implement a test function with discrete outputs that further classify
the test input. The regression tree is different from the classification trees in that
the node condition is inherently of separate type. The random forest derivative was
used by Adusumilli et al. (2014). In random forests, the decision trees are grown

randomly using a training set. There is no pruning of trees.

Neural Networks: Neural networks imitate and examine the function of brains.
These models help in building computer systems for specific tasks. Many neurons
or perceptrons gather information. They pass it on to neurons with different tasks
or higher level of information. The interconnections can change and the weights
between connections can be recalculated depending on the input values. Specific

output neurons are activated in the end of the network process.
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4.4 Kalman Filters

Kalman filters are estimation methods. The Kalman filter can be categorised further
into the linear, analytical linear (the Extended Kalman Filter, where the nonlinear-
ity is linearised locally), Sigma-Point and Monte Carlo Kalman filters. Haug (2012)
raises an interesting aspect that until present only Gaussian densities have been
tested, although the basic Kalman filter framework does not only assume or condi-
tion for this.

A common factor for these estimation methods is the use of a model for approx-
imating the position from the measurement data. The raw input data has noise or
an error distribution depending on the wanted derived or measured parameter. In
estimation methods, the sensory data input is usually closer to raw data. That is

for example accelerometer readings.

Deriving Weighted Recursive Least Squares: The least squares method,
according to Figueiras & Frattasi (2010), minimises the squared error between the
actual measurements and the predicted measurements derived using a model.

The model (h) that relates the measurements (z) with the estimated position

(X) is

where 7) is noise and ¢ the epoch. The squared cost function is
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Sn? = B(z — hi(X))? (42)

where the minimum for X is searched by setting the gradient to zero.

V(Zn?) = —2[Z — H(X)]"VH(X) = 0. (4.3)

In weighted least squares the noise in the measurements of different stations can
be modelled to be different. When the noise vector is

n=[ny,..,n," we get

R = Elm"]

and the cost function is then

Sn? = SR} (2 — hi(X))? (4.4)

and the gradient function becomes

V(En?) = —2[Z — H(X)|TRH(X) =0, (4.5)

where R is usually defined as a diagonal matrix, because the measurements are
assumed to be independent.

The weighted linear least squares solution is

X =(H"R'H)"'"H'R'Z (4.6)
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where the covariance P = (HT R~'H)~! represents a measure of certainty in the
position estimate.

The weighted recursive least squares solution is

Xig1 = Pk+1H({k+1R&;1€+1Zo:k+1 (4.7)

which can be rewritten as

Xk—i—l = Xk + Kk+1[Zk+1 — Hk+1Xk] (48)

where the
Kiy1 = P HL  [Hy PoHE + Ryq] ™

is the update gain.

Kalman Filter: Figueiras & Frattasi (2010), Siciliano & Khatib (2008), Chui
& Chen (2009) describe a Bayesian filter consisting of two steps. These are the
prediction and the correction steps. The Bayesian filter has Markovian properties
meaning that the position estimate depends on position knowledge of the current
and one previous step.

Van-Keuk’s evolution model described by Koch (2014) and the Interacting Mul-
tiple Models used by Zhang et al. (2013) are examples of process propagation func-
tions. Sensor likelihood functions or sensor models correct the predictions with

measurements. In a Kalman filter the prediction and correction models are assumed
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to be linear. Figure 4.4 shows the loop.

State vector x
Covariance P

Figure 4.4: The Kalman filter loop consists of the propagation and update blocks
which affect the state and covariance matrices.

The noise is Gaussian. Kalman filter state can be initialised with the best guess
at time ¢y and the covariance with the system noise Q. The prediction equations of

a Kalman filter are

Xip—1 = A Xp—1pp—1 + BeUi—1jp—1 (4.9)

and

Pyps1 = A P11 AL + Qx (4.10)

where X is the state, A is the state propagation model, B is the model to integrate
previous external input U into the new state, P is the error covariance and Q) is the
propagation model noise.

The correction equations are

Ky = Pyt HY (Hy Py HT + Ry) ™ (4.11)
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X = Xpe—1 + Ki(Z — Hp Xpjr—1) (4.12)

and

where K is the Kalman gain, H is the measurement model, R is the measurement
noise and Z are the measurements. The measurement Z and the predicted state HX
difference in the equation 4.12 is called as “the innovation process”. This innovation

is important for characterising the filter data association confidence.

Extended Kalman Filter: For being able to cope with weakly nonlinear
processes the linear Kalman filter is modified by allowing the propagation (A) and
measurement (H) models to be nonlinear in the Extended Kalman Filter. In the
EKF the nonlinearity is approximated by a first order Taylor expansion, meaning
that the A and H are Jacobian matrices. These are not usually constant and must be
recalculated at every iteration. This adds computation load. Haug (2012) mentions
that a second order EKF can be derived by computation of the Hessian matrix. The

EKF prediction equations then are

Xijp—1 = f(Xk;—uk—l, Uk—1|k—1) (4.14)
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Prjis1 = ArPec1jp1 AL + Qk (4.15)

where f represents the nonlinear function of state and control. The correction

equations are

Ky, = Pyp—1 H (Hy Py H{ + Ry) ™! (4.16)
Xk = Xpp—1 + Ki(Z — M X)) (4.17)

where h is the nonlinear measurement function.

Unscented Kalman Filter: Candy (2008) explains that in UKF a set of sam-
ple points (sigma-points) are selected. The unscented transformation approximates
the posterior mean and covariance through the filter using these sample points.
These sigma-points represent the mean and covariance that are propagated through
the nonlinear process and measurement models. The nonlinearity is proven to be
captured in the posterior mean and covariance to the 3rd order Taylor series expan-
sion. Unlike the EKF, UKF does not require the derivatives of the propagation nor

the measurement model.
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The state vector prediction equation is

Xije—1 = Zwf(Xr-1jk-1) (4.19)

where w is weight and y are the sigma-points. And the state vector covariance

prediction is

Pyjp—1 = Sw[f (Xe—1jk-1) — Xapp—1][f (1jp-1) — Xapp—1]" + @ (4.20)

where Q is the process noise. The observation equation is

X = Xipp—1 + Ki(Z1, — Swh(xppp-1)) (4.21)
where
K = psz;;,
Pzz = Swlh(Xup-1)(1 — w)][R(xep-1)(1 — w)]" + R, (4.22)

Pz = Swlf (Xe-1p—-1) (1 — )] [R(xap—1) (1 — w)]"

and the covariance is

Py = Prjp—1 + Kp P K (4.23)

The Sigma-point filters suffer from a “curse of dimensionality”. This means that
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the integration points increase exponentially with the dimension of the state vector.
Briers et al. (2003) brings up the topic of choosing the number of sigma points as
an ongoing debate. Further, Julier & Uhlmann (2002) defines the minimum amount
of sigma points to be n + 2 for n-dimensional space. In central difference Kalman
filter the sigma-points are redrawn or resampled twice for time update and the

measurement update (Hao et al. (2010), Figueiras & Frattasi (2010), Candy (2008).

Kalman Filter and variants: Koch (2014) mentions that the prediction and
correction steps can be linear or nonlinear. Kalman filter is flexible enough to allow
the most efficient models to be used for the current estimation task at hand. Sensor
data from multiple sensors can be fused together in the correction step. This is a
centralised approach.

Another two alternative ways are to correct all sensor measurements separately
or first fuse the results from the separate sensor measurements, described by Mitchell
(2007), Haug (2012), Koch (2014). The two methods are called the measurement
fusion and track to track fusion respectively. Bar-Shalom-Campo fusion algorithm
can be used to fuse tracks that correlate. A few Kalman Filter variants are listed
here that are described further for example by Mitchell (2007). Robust KF, Kriged
KF, Augmented KF, Switching KF, Mixture KF, Spherical Simplex KF, Gauss-
Hermite KF, Monte Carlo KF and Ensemble KF which all vary in implementation

details.

Data Association: Mitchell (2007), Chui & Chen (2009), Candy (2008), Koch
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(2014) examine how to handle false measurements, for which there are various meth-
ods. Not all the measurements are correct. Hard data association although assumes
this. In soft data association, multiple measurements are analysed. The nearest or
strongest of these measurements can be picked or multiple hypothesis weighting can
be used to select good quality measurements. Kalman gain itself adjusts the weight
between the prediction and measurements.

Hard data association assumes that every measurement that comes to the system
is true. In soft approach, multiple measurements are examined. Nearest neighbour
assumes that the closest of multiple measurements to the predicted value is the true
measurement. Strongest neighbour takes the strongest measurement. In probabilis-
tic data association, each measurement is given a weight and multiple updated state
predictions are then combined into one. In multiple hypothesis tracking/testing all
hard measurements are calculated and the least probable are then discarded. For
multi-target tracking a separate Kalman filter for each target can be used.

The frequency of new measurements is connected to convergence. With higher
frequency, the trace of covariance P becomes lower. The trace of P gives confidence
for the estimator. Certain threshold value can be defined for converging estimator.
If the values of P stay below the threshold the received measurements can be said
to be consistent.

Error ellipses of the propagated covariance matrices can be used to represent
the performance of the tracker. Root mean squared errors are another method in

comparing performance. Cramer Rao lower bound can be used to show the minimum
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achievable RMS error and thus show also the performance of the filter as described
by Jing (2013).

Luo et al. (2011) states that covariance union and intersection are methods for
fusing multiple sensor information that are not independent. Covariance methods

combine the means and covariances of the multiple sensor estimates.

4.5 Particle Filters

Doucet et al. (2001) describes that in Sequential Monte Carlo (SMC) methods re-
cursive sets of Monte Carlo points and weights are generated. SMC methods can
be used for modelling nonlinear and non-Gaussian processes. The particle filter im-
plements the Bayesian framework using a Monte Carlo approach. This is similar to
the Sigma-point Kalman filter except usually there are many more particles in par-
ticle filters. In addition, sigma-point filter particles are deterministically selected.
Particle filters are suitable for systems having not only Gaussian noise but also any
other kind of distribution of noise.

The sequential importance sampling (SIS) defines the core of the particle fil-
ter. The filter is initialised by generating samples and weights. The samples are
drawn first from a distribution of known probability density. Amount k& samples X},
that belong to a prior belief distribution Bel(X}) are propagated through the sys-
tem model. Measurement likelihoods can be used to obtain weights. The samples’

weights are recalculated and normalised. The state vector mean and covariance can
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be calculated from the progressed particles.

The bootstrap particle filter can be considered as the basic particle filter. Here
the particle set is resampled so that the weaker weighted particles die and the
stronger ones are duplicated. Jing (2013) lists different resampling strategies that
have been implemented. Resampling is usually made using the number of effective
samples still alive. If the sequential measurements do not contain characteristic dif-
ferences for location estimation the particles may diverge. The regularisation can
be made after resampling. This is to prevent sample impoverishment. Often the
stronger duplicates concentrate on certain values and are repeated. Regularisation
moves the particles slightly separate in a random fashion so that the sample impov-
erishment is prevented. In an optimal SIS particle filter care is taken in choosing
the importance density that is the weights. The optimal choice is to make it to
minimise the variance of weights.

Siciliano & Khatib (2008) views the particle filter approach to be well suited
for deriving multi-modal or multiple hypothesis density functions. Here if the state
vector is large then the number of samples required is large as well. The computation
becomes lighter if some of the states can be modelled without sampling and instead
by using a Kalman filter. This is called as Rao-Blackwellisation according to Haug

(2012). Figure 4.5 depicts the particle filter pseudocode.
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Figure 4.5: Particle filter loop structure.
The following paragraphs describe the particle filter phases.

Initialisation: N particles xi, where i = 1,.., N, are created from a prior pro-
posal distribution p(xy|To.x—1, 20.6) to represent the system state. Particles consist

of the state and in addition of the associated weights w?.

Prediction: The state x; is propagated using a prediction model. This is

derived using the Chapman-Kolmogorov equation as described by Arulampalam

et al. (2002).

P(il?k|21;k—1) = /P($k|$k—1)p($k—1|21:k—1)d33k—1 (4~24)

Here p(zx_1|21.5—1) is the a posterior from the previous epoch. p(zg|rg_1) is the

state propagation model including the process noise vp_;.
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Update: The particle weights are updated using the latest measurement. The

weight update is the following according to Arulampalam et al. (2002).

wi = wqu( k|Z k)lp( k| k—l) (4'25)
Q<$k|$0:k—1= 21:1)

If only the filtered estimate from the previous epoch is needed then the equation

becomes

q(zy|xy 1, 21)

Optimal importance density function, ¢, has been found to be the following

(Arulampalam et al. (2002)).

q(‘xk"%z—l? zk)opt = p(xk‘l';ﬁ_l, Zk) (427)
Then the new weight of each particle is proportional to
wi, = wi_ p(z]h_y). (4.28)

The weight of each particle is then adjusted by normalising so that

> wi=1 (4.29)

7
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Resample: Different resampling strategies have been listed by Hol et al. (2006).
The four most common are named as Multinomial, Stratified, Systematic and Resid-
ual resampling. Systematic resampling is stated as the most friendly solution in
terms of computation and quality.

Resampling is often done after an effective sample size Nz is below a threshold
number. Here too few particles have high enough weight for the rest of the particles
to be considered having an effect in the final solution. These particles are "killed”
and a new set of particles are generated according to the distribution defined by the

remaining higher weight particles.

Epoch solution: The resulting prior probability density function (pdf) from
the propagation step is updated with the latest measurement z;. Bayes rule is used

to obtain the posterior state.

p(zi|zr)p(Tk| 21:0—1) (4.30)
p(zklz10-1)

p($k|z1;k) =

This posterior distribution can be approximated using the empirical Dirac mea-

sure according to Arulampalam et al. (2002).

N
p(Tr|210) = Zw?ﬁ(xk — ) (4.31)
=1

Measurement model and measurement noise define the conditional pdf of zy.
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plerlay) = / 5z — (s m)p(i ) (4.32)

Degeneracy is an unwanted drawback in particle filters. This means that only
a few particles have high weight while most particle weights are below an effective
threshold. Resampling compensates degeneracy with regularisation by generating
and perturbing particles so that the set is more favourably spread and the weights
are reweighted appropriately. Also by using suitable importance density function
helps as was mentioned in the update stage of the example particle filter procedure.

Impoverishment of particles means that same or nearly same particle copies ex-
ist. This happens especially when the process noise is small. After few iterations
only a couple repeated points remain and the particle cloud loses diversity. Arulam-
palam et al. (2002) and Doucet & Johansen (2011) list methods for preventing the
loss of diversity. Markov Chain Monte Carlo approach and resample-move, regular-
ization and block resample methods are mentioned that aid in preventing the loss

of diversity. In a Markov Chain quality can improve step after step.

Additional aids: Logical deduction of higher level abstractions is typical for
inference processes. Fuzzy logic is an example of this type of a process. In fuzzy logic,
the output variable is divided into weighted regions. The combinations of weights
and different input variables define the inference output. Fuzzy logic or Dempster
Schafer theory, Liu et al. (2012), can be used in describing the uncertainty. In fuzzy

logic systems, the parameter values can be divided into sets. Using these sets a
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logical inference can be conducted.

Liu et al. (2012) and Siciliano & Khatib (2008) introduce Dempster-Schafer the-
ory that further extends the manipulation of these sets or beliefs into a more complex
belief choice ranges. The Dempster Schafer is considered a robust alternative for
noisy or uncertain measurement and prior data processes. Instead of a probability
distribution the Dempster Schafer theory represents a degree of belief as a belief
function in the context of the transferable belief model. This increases complexity
of the system. Multiple model estimates can be implemented simultaneously. This
is common in tracking moving objects.

When the space is discrete and finite a grid can be constructed. The grids can
be hierarchical or irregular like triangular shaped grids. Siciliano & Khatib (2008)
explains that the grid cell or node can be labelled with a property, for example with
temperature at that location. Sensor grid models can be constructed for updating
the grid with the sensor grid using for example Bayes’ law. In hidden Markov model
or the grid mass filter the grid points states are recalculated for all cells.

Precalibration is done before the positioning stage. This means that true posi-
tions provided by an alternative reliable system are compared with the positioning
system estimations that are to be used. These two are compared and the system
parameters are adjusted to be optimal. Fingerprinting is an example of a precali-
brated system. Signal strengths are measured and heat maps are constructed for use
in the positioning stage. The dynamic stability of the heat map can vary over time

which is a challenge in fingerprinting systems. Trends or seasonal variations in the
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data could be extracted using time series techniques. Figueiras & Frattasi (2010)
describes that in a joint state and parameter estimation, both, the calibration and
the tracking can be conducted simultaneously. The parametres of the system are

usually considered independent of time or can gradually change.

4.6 Fusion Architectures

Both the Kalman and the particle filters can be used in fusing data from multiple
sources via the update method. Whether the source will be used in propagation of
the system state or in the update stage depends on the agreement made between all
the involved sensors. The abstraction level of the data that will be fused and the

procedural location in which different data can be fused are examined next.

4.6.1 Main Architectures

Mitchell (2007) offers three ways of multisensor fusion; centralised, decentralised
and hierarchical. Groves (2013a) divides integration architectures into four main
types. These are the cascaded and the centralized single-epoch and the cascaded
and the centralised filtered architectures. In the single-epoch architecture, the in-
formation from the previous epoch might not necessarily be used. In the cascaded
architecture, separate navigation solutions (position, velocity, time) are output from
sensor subsystems and the fusion is done using these separate solutions. This is usu-

ally weighted least squares solution. Here the sensor subsystems should provide the
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solution with error covariance information. If error information is not provided it
should be estimated. Furthermore, in a decentralised, or cascaded, system, there
are multiple local fusion stations. This reduces the capacity requirements of a sin-
gle fusion node, but the redundancy and control of the information flow are more
challenging to implement.

In a centralised system, all sensor data are input to the central fusion node.
This option demands a lot of capacity of the fusion processing node. In centralised
architecture, instead of navigation solutions, raw measurements are fed into the
fusion filter with measurement error estimates. The loose coupling is often cascaded
while the tight coupling is using centralised architecture. We use the loose coupling,
where the subsystems provide position information, which is fused with the PDR.
Hybrid solutions are also possible, or in other words, hierarchical fusion is a mixture

of the centralised and decentralised architectures.

4.6.2 Propagation and Observation Models for Closed Loop

15 Error State Kalman Filter

Figure 4.6 depicts the closed loop Kalman filter.
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Inertial Navigation Equations

Solution

Figure 4.6: Closed Loop Kalman Filter for integrating inertial sensor data with
systems outputting fixed positions like GNSS.

The 15 error states in the navigation frame n are

82 = (81y 50y 67y by by). (4.33)

Here the variables are attitude, velocity and position errors and accelerometer
and gyroscope bias errors respectively.

Other inertial sensor errors like scale factor error, cross-coupling error and gravity
dependent error can be taken into account by increasing the accelerometer and gyro
process noise in the Kalman filter. Thus, measurement noise will have more impact
on the Kalman loop.

When consumer grade inertial sensors are used the error propagation matrix

according to Groves (2013a) is
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Here C7' is the attitude conversion matrix from the body to the navigation frame.
This conversion matrix defines the attitude of the object. It is the rotation matrix
found in equations 3.1 to 3.5. 7 is the sampling time, f} is the accelerometer
measurement vector, r. is the earth radius at the current latitude and Ry and Rg
are the earth radius components at the latitude L,.

By constructing a measurement matrix any position, velocity or attitude sensors
can be used to update the inertial errors of the error state Kalman filter. This update
is also called dynamic alignment. The measurement matrix can include from one

type of measurement up to all the three measurements together.

Cyr

03

03
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v = 2 — h(k)&c(k:) ~ 2y — Hk:éxk — Z](;bser'ued . ziredicted (435)

The forced zero velocity update measurement vector for example is

2 =[000]. (4.36)

And this is combined with a velocity measurement covariance that is put to be

very trustworthy. This means that the measurement has a very small error.

012 0 0
R.=10 012 0 |- (4.37)
0 0 012

The measurement update matrix includes the velocity error component of the

state and is the following according to Groves (2013a).

Hy=10, —I; 03 03 03- (4.38)

4.6.3 Sensor Data Abstraction and Heterogeneity

Multi-sensor fusion strategy depends heavily on the application. It is challenging
to evaluate the wide scale of sensor technologies and integration methods, because
it is usually the application that determines the desired objectivity. Rein & Bier-

mann (2013) depicts that the application defines the "world views” for the filter in
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handling the different sensor data. Snidaro et al. (2013) agrees that this processing
of context is slightly similar to integrity monitoring. It is done in parallel with the
actual navigation solution extraction. It is possible that similar sensors use the same
interfaces on higher abstraction levels. Figure 4.7 depicts the abstraction levels as

the vertical axis and sensor heterogeneity in the horizontal axis.

| I ﬂbstraction Level
4 Y
4 - Decisions

Patterns

- Features
- Raw Data
o J

Figure 4.7: Sensor measurement information abstraction levels.

Snidaro et al. (2013) and Rein & Biermann (2013) discuss the abstraction level of
the sensor data. Mitchell (2007) divides the sensory data into cognitive, informative
and physical. The physical is the sensor data, the informative is the encoded data
used in software and cognitive is human inference based logical data. The raw sensor
data is called hard data and its abstraction level is low. In contrast, the soft data
means high abstraction. Data becomes information after it has been analysed. The
filter should be able to produce information using the different abstraction level input
data. The challenge is in how to handle or fuse the heterogeneous data provided by

multiple types of sensors and subsystems.
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Soloviev (2014) agrees that processes usually benefit from the combination of
heterogeneous data, although the complexity increases if there is too much data.
Data integrity monitoring detects changes in the data, tries to offer correction control
and limits the amount of outlier data used in producing relevant information. Along
with complexity, Groves et al. (2014) lists also context, ambiguity and environment
as the challenges in advanced multi-sensor navigation and positioning. It is hard to

achieve high integrity and availability simultaneously.

4.6.4 Alternative Architectures

Luo et al. (2011) and Esteban et al. (2005) lists advantages of multisensor systems.
These include higher signal to noise ratio, increased robustness, improved resolution
and reduced uncertainty. Also 7 strategies for data fusion systems are listed. The
most well-known is the JDL (Joint Directories of Laboratories) process model.

JDL divides the data fusion into three levels. These are the object refinement,
situation assessment and threat assessment or inference. These go in accordance
with the previously mentioned abstraction levels from lower abstraction to higher.
Figure 4.8 depicts the abstraction levels in JDL.

There is also a feedback loop for internal process refinement.

Thermopoulos architecture, Luo et al. (2011), is another model with three dif-
ferent ways for the data integration. In signal level, the fusion in Thermopoulos
model is executed using correlation and learning methods, while in dynamics level

a mathematical model is applied. Evidence level fusion uses statistical models.
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Figure 4.8: Joint Directories of Laboratories model.

Multi-sensor integration fusion model defines the terms ”multi-sensor integra-
tion” as task-oriented and ”fusion” as the actual data combination process. Here
multisensor fusion is executed in fusion centres and the centres are used in the final
integration output.

A behavioural knowledge-based data fusion model clarifies the derivation pro-
cess from raw data features into higher level formalism. Again, raw data feature
extraction is followed by association with known patterns like in the JDL model. In
the highest level, the system behaviour is analysed and represented.

The waterfall model describes yet a similar process of low level data derivation
into higher level symbols. A slightly different idea is presented in the distributed
blackboard model, Luo et al. (2011). Here different parallel sensors that operate
with multiple transducers use the same shared memory and algorithm. The sensor
supervisors act as integrity controllers for the complete system together with the

shared algorithm. System output will be the more stable of the two in the example
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Figure 4.9.

Shared Memory

Figure 4.9: Blackboard model where the more stable sensor is selected.

The omnibus model, Luo et al. (2011), consists of a loop with the sequence of
observation, orientation, decision and an action. An action could mean moving a
robot arm or some other hardware according to the sensor measurements.

Choosing the right architecture for the application is a key aspect in designing
a working multi-sensor navigation system. All the abstraction levels should be
identified and listed out before starting to design a system. This is especially true
for adaptive systems which should be exactly defined also in the higher levels of
abstraction.

Diving lower in the abstraction levels of the vertical sensor data spectrum we
are faced by the actual data fusion method choices in the different fusion levels.
Estimation methods are used more for the raw data. These include Kalman filter
variants and covariance based estimation strategies. Classification methods are used

more for data in the middle of the vertical abstraction and inference methods for high
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level data. Support vector machines etc. are used in the medium level and particle
filters within the high-level fusion methods. In high abstraction level, the context is
closer to human language. Context is thus often defined by weighing uncertainties.
The low-level sensor data (e.g. accelerometer) has to be interpreted correctly for
determining the exact context (pedestrian/car/submarine/indoor/outdoor/space).
There are two domains affecting the context. One is the environment and the other
one is the host vehicle or pedestrian dynamics. Signal availability, context and
integrity should be determined correctly by the positioning system by excluding the
forbidden wrong data.

According to the JDL model the three levels can also be called as data, feature or
decision fusion levels. The dominant uncertainty should be identified. The greatest
concern in designing a system is the fusion accuracy. This comes often with a
trade-off between computational speed. Achieving the best performance demands
knowledge in control theory, signal processing, artificial intelligence, in probability

and statistics.

4.6.5 Additional Methods and Summary

Another aspect for determining the context as well as the location is the help from
other peers. Sharing data and relative position between adjacent users can enhance
the accuracy. Mutual ranging and location information gained from the peer that

knows his position helps others deriving theirs.
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Groves et al. (2014) states that this exchange can be done through pre-loading
or streaming and through a central server or from peer to peer. The nodes in these
schemes should all be cooperative. Cooperation can take place in signal processing,
measurement or estimation levels of the navigation systems. Yang & Soloviev (2014)
describe vehicles first using their own initial estimates and then updating these
with the mutual inter-nodal measurements. There exists also a critical size for the
node count after which more information does not enhance the result. It is then a
choice between bandwidth and node count to be accounted in the same inter-node
calculation. Hao (2015) uses inertial dead reckoning with WiFi fingerprinting and
cooperation between nodes. It was noted that cooperation reduces the dependency
on WiFi hardware. The number of users and integrity of the cooperative data will
have to be further investigated in this scheme. All cooperation algorithms should
also be designed in a plug-and-play style.

The plug-and-play approach applies for the integration methods also. There is
a clear advantage to have reusable method blocks in different levels of abstraction
in the integration process. The application designer would then be able to organise
these blocks optimally for the specific application.

The common goal for the research community is to aim for a plug and play mod-
ular navigation framework, where the communication between different partakers is
flexible. Usually one manufacturer is responsible of one type of sensor technology.
The manufacturer interests and subsystem designers need standards for information

exchange. The optimal extraction and integration of the data from various sensors
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are the two main questions. Adaptability and the plug and play idea should be
considered. This means that the filter can use the same type of sensors independent
of the manufacturer and that it will use the best integration method in the right

situation at the right time.

4.7 Conclusions

The tightly coupled architecture is heavily centralised and all the processing con-
centrates on the same single unit. In this respect, the loose coupling serves better
for modular plug-and-play design.

On the other hand, the accuracy of tight coupling is better since the made
approximations in the sensor subsystems using the cascaded design are not involved
in the centralised fusion. Thus, the accuracy, complexity and efficiency triangle
should be examined. But for this study the complexity should be kept lower because
of the lack of resources. The tight integration involves more complex design and as
a first novel context sensitive seamless navigation system design it is practical to
start with the loosely coupled scenario.

The configurational flexibility needs to meet the needs for both indoor and out-
door navigation. This means that we need to have the sensor infrastructure set up
for both. This defines the availability. The available platforms need to be evaluated
and the most sensible one chosen. The efficiency and complexity of the algorithms

need to be evaluated for the chosen application scenario.
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The environmental adaptability is enabled by the context engine design. Read-
ing the sensors and inferring the correct context will enable more efficient navigation
solution derivation for the current situation. The sensor interfaces need to be de-
signed for the navigation and the context inference purposes. In addition, user
interruptions should be handled.

The classification techniques tend to demand more storing space, which the mo-
bile devices try to save. The Kalman filter is more efficient than the particle filter,
although for pedestrian application the particle filter is the more robust option.
Moreover, the sensor data abstraction levels and formatting for the navigation so-
lution and context inference demand separate data association processing blocks.

These questions listed here above will be answered in the remaining chapters.
Design choices, in creating the first novel seamless navigation system, are evaluated

in their respective chapters.



Chapter 5

Reciprocity in Navigation Systems

This chapter introduces the concept of filter switching from particle to Kalman
filter and vice versa. The particle filter is more robust and the Kalman filter is
faster. Depending on the situation either is preferred. The first section answers the
question of how the switch is initiated. Second, the common parameters that need to
be transferred are discussed. And third, the methods are presented for transferring
these parameters.

The previous chapters presented the existing relevant literature. The reciprocal
procedures between different filter types, on the other hand, have not been examined
extensively previously, to the extent of our knowledge. Reciprocal procedures are
defined here to mean the handling of equivalence of attributes between, for example,
Kalman and Particle filters. Rao-Blackwellisation reflects a similar idea, but it
is more of a mixture of the properties of one entity rather than an equivalence

inspection. The few studies found are listed here, and a model is created in this
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chapter, for the purpose of this study.

A particle filter and a Kalman filter are chosen for the first implementation
of the seamless adaptive navigation system. The Kalman filter is chosen for the
computational speed and the particle filter because of its robust nature. Dean et al.
(2010) first tests the “Gaussianness” of the particle filter distribution and then
initialises an unscented Kalman filter. A very good study on filter replacement,
according to the context, is shown by Zaugg et al. (2003). Here, a particle filter is
initialised when the Kalman filter solution can no longer function by itself. Further,
Won et al. (2015) used both the extended Kalman and the particle filters in parallel
for a docking application. Raitoharju et al. (2015) examined the reinitialisation of
a particle filter using a Kalman filter. Our case study combines these properties in
a novel design for seamless pedestrian navigation.

The term “Reciprocity “ means here the methods, the equivalent attributes and
the characteristics when replacing or swapping a one type of navigation filter into
another. And the novel design approach assumes this switch being executed in real-
time. In later chapters, parallel processing or multiple model inference (MMI) -style
filtering is explored, where parallel hypothesis run concurrently and the best one is
inferred by a context engine.

The term “Transfer inference” describes the general conditions for different filters
to be switched into another. An example is a unimodal Kalman filter encountering
an obstruction where the more robust particle filter would easily survive. Moreover,

the common parameters are derived and listed. The parameter initialisation is dis-
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cussed for both filters, the Kalman and the particle. The transfer characteristics are
then discussed and what to take into account when switching between the estimation
methods for navigation purposes.

A few helpful terms are listed here that are repeated in the chapter, which help
to understand the system design presented in the following chapters.

Direction of Movement is taken as the direction indicated by two points in
the local tangent plane. The first point is the start position of the step and the
second position is the end of the step. This is different to the yaw angle, although
the error for these two variables, yaw and direction of movement, both describe an
error in the xy-plane. This is an angle error in the local tangent plane. yaw angle
is the heading angle, the body-frame x-axis of the foot mounted inertial unit.

Tripartite filter is a term used for the three parallel filters used in the final
design. The inertial-only mechanisation, using a Kalman filter, is running in all
test runs. Additionally, another Kalman filter or a particle filter is initialised for

multi-sensor fusion purposes.

5.1 Transfer Inference

The transfer inference section defines the conditions that are used throughout this
thesis for initiating a parallel filter or switching completely from one filter to another.
Going through the wide range of existing filters would take a long time. This is why

we concentrate on the two most common and basic filters, the particle filter and the
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Kalman filter.

First, a reason is needed for a switch between Kalman and Particle filters that
are being used for sensor fusion. This is very much application specific like the
example of target tracking that Zaugg et al. (2003) describes. A need for a switch
is a necessity. This is called a trigger. When considering pedestrian applications,
the particle filter is more robust when the environment consists of many walls.
The "wrong particle estimates” can be propagated until the correct particles either
survive in the wall-rich area or can be inferred to be the correct particles.

Zaugg et al. (2003) used a four state filtering scenario. Either the particle filter
or the Kalman filter were used alone or then both the Kalman filter and the particle
filter in parallel or two parallel slightly different particle filters. In the tests made
for this thesis, and for simplicity, the two basic filters are used separately for sensor
fusion. These are the particle filter and the 15-error-state Kalman filter estimating

the user position and heading and the errors.

5.1.1 Trigger for a transfer from Kalman filter to Particle

filter

A simple condition for this switch is used in our study. If the Kalman filter solution
bumps into a wall, then the control is switched for particle filter. Depending on the
Kalman filter solution map matching result, the failed iteration step is retaken. The

Kalman filter step is discarded. A particle filter is instead initialised at the previous
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Kalman filter solution and the failed step retaken using the particle filter instead.

5.1.2 Trigger for a transfer from Particle filter to Kalman

filter

The particle filter can represent a non-unimodal solution. In order to initialise a
Kalman filter from the non-unimodal particle filter solution, an increase in uncer-
tainty is nearly unavoidable.

If the position updates exist and they are very accurate, the survived particles
tend to focus and to be resampled on a smaller area. This means that the deviation
of each particle from the estimated solution (weighted average position), will be
short. Also, the particle scatter is then small and indicates an unimodal solution.
A threshold value was used for the standard deviation of particles in the particle
cloud.

This threshold is environment dependent. Mainly, this is because different po-
sitioning fixing systems are used. In indoor environments, the dimensions, like
passageway width or corridors, are smaller and thus the threshold is shorter as well.
Different threshold values were used for indoors and outdoors. These values will be

examined further in the presentation of the whole context engine design.
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5.2 Common Parameters

An inertial-only Kalman filter solution is run constantly in our design. This is to have
a clear option to use and analyse the inertial only track. For application development
phase of the designed and implemented system this inertial only solution could be
an excess load, but for the first version and purposes of analysis it is essential. This
gives us the estimated mechanisation result that is the dead reckoning position,
velocity and attitude changes. Alongside, either an additional Kalman filter or a
particle filter for fusing the positioning fixing system information is used. In this
section, the equivalent parameters for the state and covariance representation in

both the particle and Kalman filters are examined.

Position: The Kalman filter is a 15-error-state Kalman filter where we have
the position error as a state. This position error is compensated every epoch using
closed loop feedback. This means that the error is reset to 0 every epoch. Thus,
a separate position solution is propagated alongside the error state Kalman filter.
In a similar manner, an accumulated error in northing, the x, and easting, the y,
directions is followed. Each epoch, the Kalman filter resets its error to 0 and thus
we take the deviation, each epoch, from the covariance matrix. This indicates the
epochwise deviation of the position error estimate. The position error is tracked in
the Kalman filter. The error estimate of the error state Kalman filter is typically too
optimistic. This was noticed in the measurement campaign, when comparing the

Kalman behaviour with the Leica reference system. Alongisde, the accumulating
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error is estimated. This was noticed to describe an epochwise accumulation of error
that is closer to the true increase of the error. Thus the epochwise error value
is accumulatively summed using the consequent deviation values of the covariance
matrix as an additional less optimistic position error estimate.

In the particle filter design we have the 2D position in x- and y- directions as
the particle states. This position is proportional to the three-dimensional position
solution propagated alongside in the sensor fusion Kalman filter. The position error
in the particle filter is described by the particle position scatter. This particle
scatter, or when describing in more detail, the deviation in both axis from the
weighted average position is proportional to the x- and y- axis error estimates in
the sensor fusion Kalman filter. Although, the Kalman filter error estimates are too
optimistic and the additional accumulated error estimates are used instead. Figure
5.1 depicts the position parametres in question. In this thesis the x-axis corresponds

to the northing, y-axis to the easting and z-axis to the down in the NED frame.

15 error state

Particle Filter Kalman Filter

A :.; '. Accumulated
' e Position error
/ . T ) -
| Position ©® I (0 in x and y/
|‘ (weighted average) A\ Not Kalman state)
"‘-\\ Position scatter/ Position
Dewviation (0 in x and y axis) (not Kalman state)

Figure 5.1: Particle filter position is the weighted average of particles. This cor-
responds to position archived alongside Kalman filter. The accumulated position
error alongside the error state Kalman filter corresponds to the particle filter parti-
cle scatter.
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Figure 5.2: The direction of movement is the angle of one step. The yaw angle is
the current heading of the foot.

Yaw and Direction of Movement: In addition, the attitude error estimate
is estimated in the Kalman filter of which the yaw angle error is of interest to us
regarding the particle filter design.

In a similar manner to the accumulating position error, the accumulating yaw
angle error is followed alongside the Kalman filter yaw angle error. Each epoch the
yaw angle error is compensated in the closed loop Kalman filter. Thus, again the
deviation from the covariance matrix P is taken and this, epochwise error estimate,
is accumulated into the additional accumulated yaw angle error estimate.

The direction of movement is the third particle attribute that is used in the
particle filter. The Figure 5.2 shows the difference between the foot yaw and the
direction of movement. The direction of movement is defined to be the angle of a
line in the local tangent plane formed by two positions that are the beginning of the
step and the end position of the latest step. Each particle direction of movement

value is an individual estimate of the true direction of movement. By definition,
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the direction of movement is different to the yaw angle. This is clearly understood
if considering sidestepping or strafing user. The yaw of the foot remains in one
direction, while the direction of movement may change. But the errors tracked in
both filters follow the same one dimensional error estimate value. This is the user
attitude error in the xy-plane. In a particle filter, this consists of multiple direction
of movement guesses and the deviation within these values. For a Kalman filter this
is the yaw error or the additional accumulating yaw error estimate that is not too
optimistic.

Since the inertial-only solution is run concurrently, we can use this information
when we convert the additional Kalman filter into a particle filter and vice versa.
For each step we know the relationship that is between the direction of movement

and the yaw angle.

Proportionality: The covariance of the Kalman filter represents the estimated
magnitude of the position and yaw error variances. Taking a square root, we have the
deviations of the errors in all the x, y and z -directions, of which we consider using
only the x and y for a planar position solution. The additional accumulated error de-
viation that is followed, is the sum of the subsequent error covariance values rooted.
This is written for the x-axis component of the position in the following manner.
The additional accumulated deviation estimate using the consequent Kalman filter
error covariance values is defined here to be proportional to the standard deviation

of the particles from their weighted mean value.
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1 N

Te(t) ™~ Ta(t—1) + v Ppos,:c ~ N Z(Iz - ,uz)2 (51)

i=1

Here r, is the accumulated position error along the x-axis (or the North using
NED) at time ¢ and p, is the weighted mean value of the particles’ position in the
x-direction. N is the particles amount and z; is the position of the particle in the
x-axis. Ppps . is the x (or the North using NED) component of the position variance.
The level of proportionality is higher when the Particle filter follows a Gaussian
distribution. In pedestrian applications, it is not. The loss of information has to be
accepted if we are to convert from Particle filter representation into a Kalman filter
approximation. Same applies for the y-axis.

If a person walks straight ahead and particles are propagated at every step, the

distribution that the particle cloud depicts is like that exaggerated in Figure 5.3.

Figure 5.3: Typical Particle filter distribution profile for pedestrian applications
when the person walks in a straight line. Only IMU measurements with zero updates
are applied in this figure.

When the pedestrian turns and the particles interact with the walls, the distri-
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bution that the particles depict even further transform into a multimodal depiction
of a distribution. For now, this phenomenon is simply accepted, which is the loss of
information when converting particle filter into a Kalman filter.

Each particle guess consists of a position (x,y), direction of movement (angle)
and weight values. For the particle filter the definition, ”direction of movement”, is
the angle of the line of two subsequent positions during the last step, the position
in the beginning of the step and at the end of step. For the multiple guesses of
the direction of movement angle in the particle filter we can write proportionality
with the Kalman filter yaw angle error. This is the user heading angle error in the
local tangent plane. The yaw angle and the accumulating yaw angle error estimate
are tracked slongside the Kalman filter. The covariance matrix presents the very
optimistic angle error variance in the local tangent plane. The yaw angle error in
the Kalman filter describes the equivalent attribute to the direction of movement
uncertainty described by the deviation of multiple guesses in the particle filter. Both
track the angle error characteristics in the xy-plane.

Alongside the very optimistic Kalman filter yaw angle error, the accumulating
yaw angle error is estimated. The deviation of multiple guesses of the direction
of movement is considered in the particle filter to describe the accumulating yaw
angle error that is tracked outside of the Kalman filter as well as the Kalman filter
yaw angle error when switching between filters. It has to be again emphasized
here that the yaw of the foot is different to the direction of movement (particle

filter variable). But we know the angle and the relation between the two variables,
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because the inertial only solution is propagated in parallel. The angle error estimate
is a one-dimensional estimate. Thus, this proportionality between the yaw error in
the Kalman filter and the particle filter direction of movement error is used in the
transfer process. In the particle filter the direction of movement error is described
by the multiple independent guesses and by the deviation in these values. For the
particle filter we need a circular mean of the particles’ direction of movement angles.
This can be derived by taking the mean of the x and the y axis -components of each
particle’s direction of movement angles according to the unit circle and deriving the

arctan of the two difference components.

N
1
alt) ~a(t —1) + v/ Pyaw ~ ~ Z atan2(y; — fhy, Ti — phz)? (5.2)
i=1

Here the p, is the mean of y-components derived from the particles’ angles using
the unit circle. In this thesis the y-axis corresponds to the East axis in the NED
frame. y; is the unit circle component of each particle’s direction of movement. The
same applies for the x-axis. «a is the accumulated error angle at time t. Py, is
the angle error variance around the z-axis (Down axis in the NED representation).
When we have the circular mean of the direction of movement, we can take the
difference between the mean and each particle and derive the standard deviation of

the particles” direction of movement.
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5.2.1 Accumulated position and yaw error updates

The setup used for the trials throughout in this thesis is shown in Figure 5.4. The
strapdown quality of the foot-mounted IMU has an effect on the accuracy of the
dead reckoning. If too loose, the Kalman filter system propagation noise should be

set higher to be able to compensate for the random errors due to loose attachment.

GNSS, UWB,
/BLE antennas

. Laptop for
™ recording
the data

) Foot-mounted
-7 MU

Figure 5.4: The sensor setup that is used throughout this thesis for recording.

The position and yaw errors increase if the Kalman filter advances using only
inertial data. Generally, the position drift has exponential characteristics while the
yaw drift is linear. The position drift is limited by the Zero velocity updates. But
without positioning fixing system updates, and because of the double integration,
the position drift is still more significant than the yaw drift. Both should be fol-
lowed. The position updates can be used to limit and adjust the position error. The
position error is adjusted using the system covariance (P) and the measurement
covariance (R) matrices defined weighting between the propagated and measured
error (update). Zero velocity updates can’t limit the growing error in the yaw angle.

In this thesis, the yaw angle error is limited by moderately weighted angle updates
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using the consequent GNSS or UWB subsystem measurements.

In addition, the accumulated position and yaw errors are followed. These are fol-
lowed alongside the Kalman filter. The position fixing system and the angle updates
from the GNSS and UWB systems for the accumulated errors are executed using
the covariance intersection method as explained by Julier & Uhlman (2009). This
is demonstrated in the following equation. Again, the x, y and z -axis correspond

to the N, E and D in the NED representation.

P, R,

€x_accumulated(t) = €1 _accumulated(t—1) + €x_meas
R, + P, R, + P,

(5.3)

€ accumulated 18 the accumulated error in x-axis at time t. €, meqs 1S the measure-
ment error estimate in the x-axis. P, is the variance and R, is the measurement
variance in the x-axis. Same applies for the y-axis (or the easting in the NED repre-
sentation). This update of the accumulated error resembles the sample importance
step in particle filter when updating the particle weights using a position update.

The positioning fixing antennas (GNSS, UWB, BLE) were attached to the laptop.
The laptop moves according to the continuous upper body motion while inertial unit
according to the foot. The gait phase planar lever arm estimation, this is estimating
the xy-plane lever arm between GNSS antenna phase center and IMU origin, would
increase the position update fusion accuracy, but this is left for future study.

For updating the accumulating yaw angle error magnitude, consequent position-

ing fixing measurements were used in a similar manner. This was applied only when



CHAPTER 5. RECIPROCITY IN NAVIGATION SYSTEMS 175

the user was moving (step length threshold). In addition, a Zero Angular Rate Up-
date was applied at the same time with the Zero Velocity UPdates. During ZARU
period the yaw angle error was not increased. Here we assume that the pedestrian
walks so that the x-axis aligns mostly with the direction of the subsequent position-
ing fixes. This is a reasonable assumption, although we do not have an indicator
or a measure to detect whether the pedestrian advances straight or whether the
pedestrian starts sidestepping. This could be checked stepwise, by comparing the
attitude solution yaw direction with the step direction indicated by the consequent
position solutions. The yaw direction indicated by the consequent positioning fixing
system positions is fused once in the Kalman filter update during the ZUPT period
together with levelling the roll and pitch while the foot is stationary.

The used accumulated values are less optimal than the error variance within the
Kalman filter and have not been thoroughly tested. But for the test scenarios in this
thesis the error behaviour behaved more close to the real situation than the optimal

error variance within the Kalman filter. This is left as future research.

5.3 Filter Transfer

Now that the triggers for the filter switching have been derived and also the param-
eters that need to be switched, we can continue to complete the transfer event both
ways between particle and Kalman filter. In this thesis, the Kalman filter tracks

the position errors and the position solution is updated outside of the Kalman filter
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using this error estimation information. The initial information passed to the par-
ticle filter is contained within the additional accumulated position and yaw errors
followed alongside the Kalman filter.

Particle filters on the other hand track the total state position. The scatter of the
particles depict the position error. The weighted mean of the particles’ positions is
thus the equivalent to the position solution that is outside of the error state Kalman
filter. The particle scatter properties then represent the same information that the
Kalman filter error and error covariance hold and the additional accumulated esti-
mates outside of the Kalman filter. The Kalman filter error estimate and covariance
and the additional accumulated error describe error ellipses, while the particle filter
scatter can represent a more complex multimodal distribution of error. Thus, when
converting the information that the particle filter holds, some of this information is
lost because of the Kalman filter linear Gaussian approximation.

Naturally, if the particle filter consists of for example two separate clusters and
is thus a bimodal representation of the position, then the particle scatter is bigger
and it can’t be transformed into a unimodal Kalman solution for not exceeding the
trigger threshold. Moreover, the threshold is approximately in the neighbourhood
of 1 metre, which makes two clusters inside a small area still indicate the user body
position well enough to let the transfer happen. This is, since the body itself consists
of a circular area of approximately of half a metre radius especially when carrying

a laptop or mobile device in hand.
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5.3.1 Kalman Filter to Particle Filter conversion

As stated, the position, the velocity and the attitude solutions together with the
additional accumulated error estimates are propagated alongside the Kalman filter
error estimates. If the particle filter is to be updated at every step, and the inertial
solution is derived for a foot-mounted inertial navigation system, the velocity will
be zero at each update. Moreover, if the particle filter only follows a 2-dimensional
position, the velocity does not need to be transferred and so only the yaw component
of the attitude.

The weighted average position of the new particle filter would then be at the
position indicated by the position solution that is tracked alongside the Kalman
filter error estimates. The particle scatter should follow the Gaussian ellipse defined
by the error and the covariance of the Kalman filter and also according to the
additional accumulated error estimates. Particle positions are thus created using a
Gaussian random generator function using initial values from the accumulated error
information. The accumulated error €;,;; , on x-direction (or Northing in the NED

representation) is shown here.

(5.4)

Oinit_z = Cinit_x

This initialisation deviation can now be used to initialise the particles according
to the distribution at the position tracked alongside the Kalman filter. In Matlab

the initial position guesses of the particles can be written as follows.



CHAPTER 5. RECIPROCITY IN NAVIGATION SYSTEMS 178

Ti = Txatman + normrnd(0, Cinit )

(5.5)

Yi = Ykaiman + normrnd(0, ot )

Here normrnd returns a value according to the normal distribution and a given
mean ("x”) and deviation ("P”). ZTxaman a0d Yxaiman are the initial position in-
formation. The more particles there are the more accurate is the measure of the
particle cloud in describing the initial Kalman filter distribution.

Similarly, for the angle of the direction of movement for each particle, we get.

O = Ak aiman + normrnd(0, 6) (5.6)

QKaiman 18 the direction of movement derived using the yaw angle solution and
the last step motion information. @ is the additional accumulated yaw error estimate.

7 is the particle index.

5.3.2 Particle Filter to Kalman Filter

The particle filter can represent multimodal distributions and is a very robust option
for highly dynamic applications like the pedestrian tracking scenario. Computational
demand is higher, which is why Kalman filter is preferred. When converting from
particle filter representation of a distribution to a Kalman filter, a loss of information
and the distribution accuracy is nearly unavoidable.

With turns and stepwise propagation characteristics the true distribution of the
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particle filter can be very complex. Although, when the particle filter particle posi-
tions scatter is small enough, a conversion from the heavy computation demanding
particle filter can be attempted. In this thesis, the mentioned scatter properties were
used in starting the conversion from particle filter to Kalman filter representation.
The position that the particle filter indicates is the weighted average of all the

particle positions according to the associated weight values.

Y lwiw Y wiy
Te = "N Ty = TN (5.7)
Dim1 Wi D it Wi

This is the transferred position. Velocity is zero if the conversion is made when
the Zero Velocity Update is true. The attitude is the circular mean of the particles’
direction of movements. Moreover, in the tests in this thesis, a parallel inertial only
mechanisation is processed. This mechanisation result is used in propagating the
particle filter. With this we can also adjust the new Kalman filter yaw solution
in case the user has taken a sidestep which indicates a difference between foot
heading and the direction of movement. Direction of movement was defined to be
the direction indicated by two positions before and after the latest step.

The position error distribution conversion is where information is lost. The stan-
dard deviations (o, 0,) are used here that are measured from the mean position in
the x and the y directions of the particle scatter. The Kalman filter additional accu-
mulated position error estimates and the Kalman filter error estimates are initialised

using these values. The Kalman filter yaw error and the additional accumulating yaw
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error are derived from the particle filter direction of movement deviation similarly

to the position derivation. This was presented in the Equation 5.2.



Chapter 6

Map and Context Engine Design

The context engine is an inference engine that aims to set the navigation filter
parameters optimally for the current context. Like the navigation filter it reads
the sensor data. The interpretation though, is completely different. As navigation
filter tries to derive the most accurate positioning solution, the context engine tries
to infer the exact context from the input data. Thus, the purpose of the context
engine is to infer, from the input data, the correct state for the context parameters.
These context parameters are called as flags in this work. These flags define how
the navigation filter is set.

In this chapter, the solution to the context control inference is presented that is
used in the resulting seamless navigation system. Both the behavioural and location
based inference are examined. The University campus acted as the test scenario.

First, an UAV survey map is presented. This is used to depict the results.

181
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6.1 Seamless Map

A high resolution unmanned aerial vehicle survey map was used for depicting the
results. The image was further georeferenced in QGIS. Four survey points, mea-
sured with Leica equipment with 4cm accuracy setting, were used for georeferencing
the image onto WGS84 coordinates. The map represents the surroundings of the
Nottingham Geospatial Institute in the Jubilee Campus of the University of Not-
tingham.

The image was further transferred into MATLAB. It was fitted into the local
tangent plane coordinate system so that the image coordinates matched with the
surveyed points. Figure 6.1 shows the image.

Impassable objects were listed in a KML file. The information content was
limited as suggested by Zichar (2013) to only include necessary information on the
map. In this thesis only wall information is used. Doors were presented as walls but
as being continuously passable. 3D representation would have been too laborious
for the first prototype. Moreover, for our purposes 3D representation would have
contained unnecessary extra computational load. A surveyed and detailed floormap
of the first floor of the Nottingham Geospatial Building was also listed in the KML
file. A polygon structure was used for representing the wall information. Each room
layout was presented using a polygon structure where the room corner coordinates

are listed as is shown here.

<Polygon>
<outerBoundarylIs>

<LinearRing>
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<coordinates>
—1.18412858303779,52.9519706312043,0
—1.1840127174419,52.9519829666691,0
—1.18401169447041,52.9519809783207,0
—1.18399284326467,52.95190719057071,0
—1.18410870886055,52.951894855106,0
—1.18412858303779,52.9519706312043,0

</coordinates>

</LinearRing>
</outerBoundarylIs>

</Polygon>

The bushes, pools and fences were also added for outdoors as impassable areas.

Figure 6.1 shows the walls. The Nottingham Geospatial Building was cleared at the

image for clarity.

northing (m)

-B0 -60 -40 -20 ] 20 40 60 80
easting (m)

Figure 6.1: Nottingham Geospatial Building and the surrounding area in the Ju-
bilee Campus with the wall information (red) defined in KML polygon structures.
NGBI12, the origin point is shown in the map.

The origin is a survey point NGB12 in front of the main doors of Nottingham
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Geospatial Building. This is shown in the Figure 6.1. The used doors were marked
in the code. The doors were the few selected KML walls. When matching the map,
the particles or the Kalman solution were allowed to walk through these walls which
were marked as doors. No temporal effects were included neither in the KML file nor
the code as described by Ferreira et al. (2012). This would be useful for example
when shops are open or closed and whether a shortcut could be taken through a

building.

6.2 Context Inference Engine Design

The complete system consists of three distinguishable entities with different respon-
sibilities. This follows a similar layout as presented by Groves (2013b). These are the
sensor subsystems, the navigation filter and the inference processor or the context
engine. Interfaces between context engine and sensor subsystems and the navigation
filter need to be agreed before the context engine can be designed. Figure 6.2 shows

the three blocks and interfaces.

6.2.1 Interface Agreement between Context Engine and Sen-
sor Subsystems

The data flow is mostly only towards the context engine from the sensor subsystems.
This is from the sensor subsystem blocks towards the context and control block

referring to the Figure 6.2. The selected sensor setup was introduced in the Figure
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5.4. The sensors, inertial, UWB, BLE and GNSS, data is formatted and feed to the

context engine for context inference.

Sensor Sensor Sensor
Subsystem J Subsystem @ Subsystem

Context Engine
Navigation Filter

Figure 6.2: The system consists of the three main blocks and interfaces between
them.

The data needed in the context inference process is stated next. This is the
data format structure agreement for the sensor subsystems. The sensor subsystems
thus follow this data format agreement towards the context engine. Five sensor

subsystems are included in the designs of this thesis.

1. Inertial sensor: The inertial sensor is mounted on the user’s foot. The
selected sensor outputs are from the gyroscope in rads per second. These measure
how the sensor turns. The values are output in the body axis. The fusion engine
follows the orientation of the body axis in the local tangent plane coordinates. The
accelerometer data is output in the body axis as well, in g value, which is the
gravitational constant and that can be caluclated more exactly according to the
position on the earth. The selected sensor type output format provides the data

values with 6 decimals accuracy. The sensor type is detected when the sensor is
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attached to the software. The inertial data format is the following.

sensor timetag: seconds.milliseconds ,
gyroscope values: rad/s using 6 decimals,
accelerometer values: g using 6 decimals.

system timetag: seconds.nanoseconds.

A C-program was written for recording the Microstrain 3DM-GX4-45 inertial
sensor. The highest sampling rate is 500Hz, but 100Hz was used for saving processing
power for the three other sensors. The sensor timetag is the timetag that the sensor
provides. The system timetag is the timetag that is attached to a measurement
when the system writes it into the file. The output file contains inertial values with

two timetags. This is passed onto the context inference block.

2. GNSS receiver: A U-Blox GNSS receiver is embedded into the same
casing with the 3DM-GX4-45 inertial sensor. The antenna was placed onto the
laptop cover that was used for the recording. The same C program recorded also
the output from the GNSS receiver. Only the horizontal accuracy was passed onto
the context engine. The GNSS receiver data format for the context engine is the

following.

sensor timetag: seconds.milliseconds ,
horizontal accuracy: in meters CEP (50% error bounds) using 6 decimals,

system timetag: seconds.nanoseconds.
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3. BLE sensor subsystem: One BLE anchor was placed on the side of the
main door. The received signal strength of this anchor is passed onto the context
engine if and when available. The data format for the BLE sensor subsystem is the

following.

system timetag: seconds.nanoseconds.

anchor RSS: dBm, no decimals.

4. UWB sensor subsystem: The UWB subsystem was not used for context

detection.

Map: The wall information is readily available when needed. The context
engine can do inquiries to the map sensor. The context engine will inquire the
map sensor information regarding the location of the walls and compare this with
the track information provided by the navigation filter. The call sequences are
examined in more detail in the next chapter.

The timing agreement between the context engine and the sensor subsystems is
asynchronous. Every measurement will be processed at an arrival to the context
engine. No priority scheme is used if two sensor subsystems happen to send a
measurement simultaneously. This is highly unlikely because of the system timetag

resolution. First measurement is served first.
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6.2.2 Interface Agreement between Context Engine and Nav-
igation Filter

The context engine needs position information from the navigation filter. The con-
text engine can make queries to the navigation filter. In addition, the context engine
uses the particle scatter value and can ask for the saved previous sensor subsystem
values. The scatter value is the standard deviation of the particle cloud from the
particle filter mean solution when the particle filter is used. Also state flag sta-
tuses can be asked from the navigation filter. These are provided immediately when
queried.

The output from the context engine towards the navigation filter consists of
commands. These commands change the state of the navigation filter. The state
machine in the navigation filter is discussed in the following chapters.

The output commands from the context engine are listed here that affect the
state of the navigation filter. The context engine outputs these commands for the
navigation filter to switch its status flags. The navigation filter then uses different
code for deriving the positioning solution. For all of the commands there exists
the code section that is used after the command has been issued. To switch back
to using the previous code section a reverse command needs to be sent. This list
of commands depends on multiple sensors and is thus common for all the sensor

subsystems. The relation to the sensor outputs is shown later in the Figure 6.3.

turn on indoor flag,
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turn off indoor flag,

turn on entrance flag,

turn off entrance flag,

turn on stairs flag,

turn off stairs flag,

ZUPT flag on,

ZUPT flag off

ZUPT flag waiting ,

turn on particle filter flag,

turn off particle filter flag

The following derivation shows how and when each of these commands is sent

to the navigation filter.

6.2.3 Context Engine Inference

Th navigation Filter has five status flags. They are the indoor, entrance, stairs,
ZUPT and particle filter flags. These affect the internal state of the navigation
filter. Figure 6.3 shows the logic of the context engine.

The BLE anchor at the main entrance door (inside) acts as a proximity sensor

telling the system that the user is definitely indoors if a threshold value so indicates.
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GNSS horizontal Position Map e Collision or
accuracy Scatter
BLE RSS l
Distance to ZUPT
Entrance < Threshold filter
Entrance Stairs ZUPT
flag on/off flag on/off on/off/wait
Particle filter
on/offl

Indoor
flag on/off

Figure 6.3: Context engine logic.

The threshold for switching the indoor flag on was set to -65dBm. This means
approximately less than 3 metres proximity to the anchor. Inspecting a window of
previous anchor values indicated that this condition was true if any of the values
were below the threshold.

The threshold for GNSS receiver horizontal accuracy was set to 2.5m CEP. This
was tested to be a reasonable level for the quality of the GNSS to produce trust-
worthy position output outdoors. Again, a number of previous GNSS quality values
were inspected to indicate this condition to be true if the value was below or above
the threshold depending of the current status of the indoor flag.

An approach direction was calculated from the latest 3 step position updates.
This means the mean angle of approach during two last steps. Two thresholds were

used which covered 170 degrees approach angle to be accepted for switching the
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indoor flag either on or off depending on whether going outdoors or indoors.

Two entrance distance thresholds were used for turning the entrance flag. 5m
threshold was used when user was initially outdoors and going indoors. 3m threshold
value was used when vice versa. Entrance flag turns on the indoor-outdoor detection
code.

The stairs flag was turned on simply if the navigation filter position was assumed
to be in the stairs.

Zero update filter used a 7-tap low-pass filter. Both the magnitude of the
total acceleration and total turn rate were used for detecting zero movement. If the
acceleration was beyond 0.92g or 1.08g or the turn rate was more than 0.2rad/s the
zero update flag was changed. This was implemented with an AND function between
the two total values. A similar approach was used in the previously mentioned work
by Yin et al. (2014). Once ZUPT was triggered in the following epochs wait state
of the flag was used to tell the navigation filter to be ready for the end of the step.
When the foot was not moving, ZUPT on message was sent to the navigation filter.
If the ZUPT method is the only method applied into the mechanisation process
and the Kalman filter following the foot mounted IMU, the yaw estimate of the
foot will drift, because it is not observable. Additional moderately weighted yaw
measurements can be used to limit the drift by using for example the subsequent
positioning fixing measurements.

Collision logic and scatter properties are discussed in detail after a detailed in-

troduction to the used particle filter and Kalman filter in the following chapters.
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6.3 Concluding remarks

The navigation filter state can be considered to be of either the Kalman or Particle
filter solution and the state flags. The particle filter flag function depends heavily
on the wall structure. If there are many walls in the environment, more collisions
are likely to happen, which in turn would indicate more usage of the particle filter.
The other way around, having less walls and accurate position updates will make
particle scatter smaller and a transfer to the Kalman solution easier. The ZUPT
filter thresholds can be adjusted. These thresholds could be replaced by machine
learning attributes that adjust the threshold values according to the position updates
and navigation success.

The stairs flag is triggered by the user entering the location according to the
navigation solution. Other areas could be implemented like walking on grass or
the gravel on the parking area. Settings could be then adjusted according to the
surface of the ground and how it will affect the inertial errors. The entrance flag
or the distance to the entrance is used for enabling the indoor-outdoor transition
check-up functions. While far away we don’t need to unnecessarily check for the
current location.

The main function of our small context inference is the indoor-outdoor context
check. Weights for the indoor positioning systems can be increased and GNSS
measurements ignored when going indoors. Moreover, filter settings for walking

in a wall-rich environment are different than those for the open area walks. This
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first version is designed for testing walks which are determined walks from indoor
to outdoor and vice versa. Tests are shown in the later chapters. More inference
design is needed or additional sensors added to cover exceptional cases where the
user shuffles feet or stays long at the entrance turning around often. A possible
addition could be a more accurate approach sensor like UWB sensor for measuring
the accurate distance to the entrance.

No behavioural context function was added other than the adjustment of the
threshold values while in stairs. The inference in this work is based on location.
The GNSS receiver function would ease the indoor detection by using the method
described by Daniel et al. (2016). No pure virtual sensors were used as described by
Rivero-Rodriguez et al. (2014). Indoor flag inference is closer to logical sensing than
raw measurement sensing because of location and measurement history usage. A
more behavioural aware context engine could identify stairs by checking the stepwise
z position change, but this and run detection are left for future research.

As a summary, the context engine derives the current status by reading the
history information of the position solution and the individual sensor subsystem
solutions and combines this information with the current sensor measurement in-
dicators. The filter state and manner of operation is controlled by this context

inference.



Chapter 7

Particle Filter Design

Particle filter is a robust filter for presenting multimodal probability distributions
as mentioned by Siciliano & Khatib (2008) in chapter 4. This chapter presents the
design, implementation and tests on the particle filter properties. Particle cloud
properties, propagation characteristics and ways to correct the particle filter are
examined from the seamless navigation positioning system perspective. First, we
go through the general design of the particle filter. After this follows the sensor
subsystems designs for the particle filter implementation. Finally, we evaluate the

sensor fusion implementation.

7.1 Design Basis

First, the top-level design of the system is examined. Figure 7.1 shows the top-level

design.

194
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Context Engine

Figure 7.1: Top level system design for a particle filter.

The timing and data format agreements from and to the context engine were
explained in the previous chapter. No feedback goes from the particle filter to the
sensor subsystems. The timing agreement between the particle filter and sensor
subsystems block has one condition. For one measurement, the context engine path
has to be completed before submitting the measurement to the particle filter.

For the particle filter the data formats are the following. The inertial sensor

interface is the same as for the context engine block.

GNSS receiver: For the GNSS receiver the data format includes also the

converted latitude and longitude values in the local tangent plane coordinates. The
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reference point for the local tangent plane is the point NGB12 described previously

in Figure 6.1.

sensor timetag: seconds.milliseconds,

converted latitude: meters in the MATLAB local tangent plane
coordinate frame,

converted longitude: meters in the MATLAB local tangent plane
coordinate frame,

horizontal accuracy: in meters CEP (50% error bounds)
using 6 decimals,

system timetag: seconds.nanoseconds.

BLE sensor subsystem: Six BLE anchors were placed inside around the
first floor of the Nottingham Geospatial Building. A fingerprinting method, first
mentioned in chapters 2 and 3, was used to produce an estimate of a position
within a defined time interval. In addition to the position estimate, an error bound
estimate was also attached for both x and y directions. These are explained in the
next section concentrating on the sensor subsystems. The data format of the BLE

sensor subsystem for the navigation filter is the following.

system timetag: seconds.nanoseconds.
position estimate: northing, that is x, and easting, y in the
MATLAB local tangent plane coordinate frame.

position error estimate: northing, x and easting, y
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standard deviation error estimates.

UWB sensor subsystem: The UWB sensor subsystem produces a position

result with an error estimate. This is a similar format to the BLE subsystem.

7.2 Positioning Fixing and Dead Reckoning Sen-

sor Subsystems Design and Tests

The BLE and UWB subsystems are presented here in more detail. Moreover, the

accuracies of both systems are evaluated.

7.2.1 BLE Subsystem

The Bluetooth low energy beacons are more robust than the WiFi access points
when it comes to the deployment for positioning system purposes. WiF1i covers wide
areas of the urban environment but its deployment is not optimised for positioning
purposes. Easy deployability makes the BLE approach very attractive. The design
is similar to the one presented by Faragher & Harle (2015). The fingerprinting
scenario was constructed for positioning.

In fingerprinting the BLE beacons are deployed within the area of interest. Then
in the offline phase fingerprints at strategic locations are recorded. Radiomaps can

be constructed using these points.
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In the online stage, the radiomap database is compared with measurements and

position is inferred.

Offline Radiomap Recording

As presented previously, six BLE anchors were used. Four anchors were the Kon-
takt.io tags advertising at the rate of 10Hz. Two anchors were the Raspberry Pis
with CSR BLE adapters advertising at the rate of 50Hz. These are shown placed in

the A floor of the Nottingham Geospatial Institute in the Figure 7.2.

northing (m)

100

easting (m)

Figure 7.2: BLE anchors placed in the Nottingham Geospatial Building A-floor.
Green stars indicate Kontakt.io anchors: Magenta stars are Raspberry Pi anchors.

The green stars mark the locations of the Kontakt.io anchors. The magenta
stars present the Raspberry Pi anchors. The signal strength map shown is for the

anchor 3. Similar map was constructed for all six anchors. Altogether 30 points
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were recorded in the A-floor. Each point recording time was 3 minutes. During the
3 minutes interval, the person who recorded was turning around. This was to take
the effect of body shadowing along into the fingerprints. The resulting variance was
thus greater than if only the receiver would have been at the spot. As Faragher &
Harle (2015), the Gaussian processes regression was used to construct the square
radiomap areas with upper and lower standard deviation limits. The resulting grid
was interpolated at every 10 cm.

The red track in Figure 7.2 shows the approximately 80m test track. The refer-
ence track was marked on the floor and the inertial measurement unit was used to
mechanise the walk to get the travelled distance. No shadowing effects were com-
pensated for in this study. Especially the effects of body shadowing were evident,

although this was taken into account, as mentioned, when recording the fingerprints.

Online Test Setup 1

In the online phase, the measurements were averaged over a time period. Faragher
& Harle (2015) used 1s window.
The following percentual nearest neighbour grid method was developed for po-

sition and position error acquisition.

1. Measurement mean during the averaging period for each anchor is taken.

2. In addition, the deviation during the measurement window was recorded.

3. Each anchor measurement mean was differenced with the radiomaps. Now the
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10.

most likely locations were the grid points where the difference was smallest.

. If the measurement deviation was greater than the average fingerprint devia-

tion within the whole area, we used this deviation value for our measurement.
If not, the average fingerprint deviation value was used for the current mea-

surement.

_ difference2

Each grid cell was assigned with a probability according to p = exp 202

The difference maps were normalised for each anchor to get six probability
masses for the whole area. Now there was six or less (depending on availability)
normalised anchor radiomaps presenting the probabilities for all the available

anchors that had a measurement value.

These six or less probabilities were multiplied and normalised to get the com-

bined measurement probability for the whole area.

Now 5% of grid points were selected according to the height representing the
most probable locations. This is the nearest neighbour and maximum a pos-

teriori.

The weighted average of these collected points was the measurement solution.

The deviation for x and y directions were taken using the rest of the 5% grid

points from the measurement solution.

Figure 7.3 depicts the results in a good and bad case.
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Figure 7.3: The image shows a good quality position result using the BLE finger-
printing on the left. On the right is shown a bad quality measurement.

The good quality position was close to the reference track and consisted of a
unimodal location. The bad quality measurement result consisted of two or more
peaks. Anchorwise measurement quality check-up could eliminate or deweight bad
quality anchorwise measurements.

The position measurement error estimate was taken as the standard deviations
on both x and y directions of the weighted result. All the points that were inside
the probability mass that was over 95% (can be adjusted easily, 68% was tested)
were involved in the standard deviation calculation.

Walking speed was 1.3 m/s. The magenta section in Figure 7.2 was measured
running. The section where anchor number 4 is located was in stairs. The deploy-
ment of the six anchors produced trouble in identifying whether the result was in
the lobby (shown in Figure 7.2 near anchor 1) or in the stairs (near anchor 4). Body
shadowing had a notable effect in the corridors and was partly involved in the bad

quality results in the lobby. In the corridors, the anchor, shadowed by the body,
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gave results indicating a smaller value than was supposed. A user location based
shadowing model could help in raising up the anchor measurement values when

being shadowed by the user body.

Figure 7.4 depicts the track using 2s time window for measurements.

Figure 7.4: The BLE track using 2s measurement time window (left to right).

Figure 7.5 depicts the accuracy for the BLE track using a 1s time window.
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Figure 7.5: The cumulative distribution of error for the BLE track using 1s mea-
surement time window averaging.

Most of the largest errors come from the lobby measurements. In corridors, the

accuracy is enhanced by the constraining walls.

Online Test Setup 2

A new trial was conducted using 40 training points of which a positioning result is
shown in Figure 7.6.

The first 50 metres of the test track until the start of the stairs was walked three
times. The accuracy of four different measurement time windows is shown in Figure

7.7.
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Figure 7.6: Second walk test with BLE fingerprinting. A measurement result prob-
ability distribution is shown in the figure.
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Figure 7.7: Second test walk accuracy using four different measurement time aver-
aging windows with BLE fingerprinting.

The biggest errors are reduced when using a longer time window. Otherwise the
accuracy indoors and in corridors is approximately within 4 metres (96% of error).
The stairs were not included in the second test walks. We can see here the effect
of the troublesome positioning results in the lobby area that were included in the

first test case. Four metre error in a corridor of five metres is relatively large. It is
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nearly impossible to distinguish perpendicular to the corridor on which side of the
corridor the user is. That is, how close the user is to either of the side walls of the
corridor. But BLE fingerprinting can distinguish on which end of the corridor the
user is located.

This tells us that with body shadowing included, the BLE function cannot help us
in achieving sub-metre level positioning. As a rough proximity and presence beacon
it functions well but for applications demanding even more accurate positioning
it does not work. For initialisation it can be used, especially for particle filter

initialisation in case of a filter fail.

7.2.2 UWB Subsystem

For deriving a 2D position from the three anchor ranges, an iterative least squares
method was used with a constant of 10 iterations. Figure 7.8 depicts the UWB
anchor positions and the resulting track for the same test walk described in the first
BLE test.

The previous position was used as an initial value for the least squares iteration.
The geometry is very narrow for the three anchors, especially along the easting axis.
Body shadowing effect is present in the UWB system. Tests indicate up to a half a
meter change in range values with body shadowing. This effect is amplified in the
least squares derivation with small distances between anchors and a poor geometry
as can be seen in the resulting track.

The non-line of sight function in the north corridor was surprisingly good. In
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the stairs though the northernmost anchor’s ranges were too great. Combined with
the ranges affected by the glass fence in the staircase on the middle anchor, the
resulting track in the stairs is very wrong (south of the outside walls). Also, the
turn in the middle west to east corridor was mostly missed by the system since no

readings were able to be acquired from the northernmost anchor.
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Figure 7.8: UWB anchors placement and resulting test track.

Figure 7.9 depicts the accuracy of the UWB system with the poor geometry
placement of the anchors.
Non-line of sight measurements are worse the more obstructions there are be-

tween the target and anchors. This happens in the staircase where the results are
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the worst. UWB position measurement is the resulting position from the least
squares iteration. The position error is taken as the standard deviation of the error
residuals between the three range measurements from the anchors and the position

measurement.
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Figure 7.9: UWB system accuracies for line of sight and non-line of sight cases with
poor placement of anchors.

7.2.3 Dead Reckoning with IMU

A closed loop, 15 error state Kalman filter was used for dead reckoning with the
inertial sensor as was described in Chapter 4. Position, velocity and attitude so-
lutions are propagated outside of the Kalman filter. The Kalman filter tracks the
position, velocity and attitude errors. Every epoch, these errors are compensated
for the position, velocity and attitude updates. A closed loop approach requires that

the error is reset at each epoch. Covariance thus tracks the epochwise error bounds
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of the error estimate.

The state vector was declared in Equation 4.33. The state that is these error
values, are propagated according to Equation 4.34. Zero velocity, zero angular
rate and attitude levelling correction updates that were used are presented here,
with the small virtual measurement error for velocity and approximated maximum

measurement errors for the attitude error estimate.

03 —I3 03 03 03

H= ,
—I; 03 03 03 04

0.0052 0 0 0 0 0

0  0.0052 0 0 0 0
(7.1)
0 0  0.0052 0 0 0
R =

0 0 0 0.08 0 0
0 0 0 0 0.08 0
0 0 0 0 0 0.122

The zero velocity updates are stated here to be very accurate. In addition,
levelling is performed. This is attitude fixing expecting that when the shoe is on
the ground and zero acceleration is assumed, the g vector should be pointing down.
If it is not, attitude is corrected epoch by epoch towards the correct attitude using
the given degree error values in the measurement error matrix. Quaternion based

levelling was used while ZUPT condition was on. This is presented in the appendix

A.
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Figure 7.10 shows a typical track using 62.5Hz sampling rate on the Microstrain
sensor. The error distribution is not shown because we compare a dead reckoning
system and this is not informative. The sampling rate is relatively low for inertial
dead reckoning. Moreover, loose attachment of the IMU to the foot table produces
wrong zero updates with flimsy sensor backswings and missed turns as can be seen
in the figure. This result, though characterizes errors that should be accounted for
in the navigation filter on the upper fusion level. These errors are further discussed

when testing the fusion with particle filtering.

25

easting (m)

Figure 7.10: Inertial track using 62.5Hz sampling rate.
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7.3 Particle Filter Fusion

It is not computationally efficient to iterate a particle filter at each epoch of the
IMU. The particle filter is propagated when a step is completed or a measurement
is ready from either the BLE or UWB sensor subsystem. Figure 7.11 depicts the

particle filter structure.

Particle Filter
Particle Propagation

Step or + Position
Position >
Update % Importance Update

| v

Resampling and
4 pling
Map Matching

Figure 7.11: Particle filter block diagram.

The sensor subsystem measurement formatting is the first phase. The sensor
subsystems are shown on the top left in the Figure 7.1. After this, the context
engine infers how to set up the navigation filter settings. Third, the navigation filter
is processed. The 15 error state Kalman filter runs in the background for the inertial
solution. This solution is used in the propagation stage of the particle filter as seen
in Figure 7.11. Each particle is propagated according to its angle and position states
and the inertial propagation model. The new position is derived using the previous
particle filter update, taking the distance travelled according to the IMU and the

angle change in the IMU solution between the current and the two latest particle
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filter updates. Direction of travel of each particle is changed according to the angle
change in the inertial solution. Distance travelled is likewise taken using the previous
update and the current IMU position solution.

A perturbation model adds small propagation noise for each particle. This is also
called regularisation and prevents impoverishment. An experimental model was used
according to the tests conducted on two different inertial setups. We discuss these

next.

7.3.1 Defining the Perturbation Characteristics

Two different inertial sensor setups were tested. Microstrain 3DM GX3-25 and 3DM
(GX4-45 sensors were strapped to a left boot with tape. A laptop was used to sample
inertial data at 100 Hz rate. Another setup used a cheaper Arduino inertial sensor
breakout board and Bluetooth module with a connection to a laptop. This setup is

shown in the Figure 7.12. A 50Hz recording rate was possible using this setup.

Figure 7.12: An arduino Kit used in derivation of the perturbation characteristics.
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10 walks were conducted in the office with all three sensors. Figures 7.13 and
7.14 show results of the ten walks for two of the three sensors with track trails. 5
walks followed the office outline and 5 walks passed through work desk corridors.

Of these measured tracks two perturbation model attributes were derived for the
sensors. The same zero velocity update detection method was used in all measure-
ments. The ZUPT method was described previously.

Yaw angle and step length standard deviations were derived from the results.
The difference of the yaw angle from the true yaw angle in the end of the track was
calculated. Likewise, the position error was noted at the end of the walking track. In
addition, approximate stepwise analysis was conducted. The true track was taped on
the office floor and steps were carefully taken to follow the set yaw angle changes of 90
degrees at the office corners. For microstrain the angle deviation was approximated
as + 2 degrees/m. For the Arduino setup, the value was + 6 degrees/m. Similarly,
length deviation characteristics were + 2cm/m and £ 5Scm/m.

These values are used to perturb the particles’ positions and directions of move-
ment in the propagation stage of the particles. This is the regularisation as explained
in chapter 4. Figure 7.15 shows the moments of time when the particle filter loop is
triggered.

When a step has been detected, only the IMU measurement is used in prop-
agating the particles. After propagation, the perturbation spreads the particles

according to the perturbation model. No importance sampling is processed.



CHAPTER 7. PARTICLE FILTER DESIGN 213

Microstrain 3DM GX4-45

(metres)
0
T

Y

X (metres)

Real-Time Track using Low-Cost IMU

(metres)

¥

-1z -10 -8 -6 -4 -2 o] 2 4

X (metres)

Figure 7.13: Example result tracks on experimenting for the perturbation charac-
teristics.
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Figure 7.14: Example result tracks on experimenting for the perturbation charac-
teristics.
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Position Trigger Step Trigger

Figure 7.15: Particle filter is updated every time a step is encountered or a new
measurement comes from the position fixing systems.

When a position update arrives, the importance sampling step is processed in
addition to the particle propagation. A prior probability distribution function was
used as the importance function. Then the importance update is simply according
to the Equation 4.28 and the old importance is combined with the measurement
probability distribution. New weight for particles is derived by multiplying and
normalising the sample importance of the particle and the measurement importance

density at the particle position.

7.3.2 Particle Filter Update using Tukey-style Distribution

The Decawave UWB anchors output only one range estimate for each anchor. The
error estimate using least squares thus does not take into account the errors in
the ranges that can be larger. The kit doesn’t provide range measurement error
estimates. These errors in range then affect the least squares result together with the
anchor geometry. Sometimes the wrong ranges match and the position error estimate
is very small, although in reality, the position is clearly wrong when compared to

the reference system positions. This was noticed when testing the characteristics
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of the UWB sensor subsystem as depicted in the Figure 7.8. In order to take into
account the effect of the range errors, not dealt within the sensor subsystem, a novel
approach is presented here.

The first alternative would be to measure a point and take the characteristic
deviation of the measurements and use that including body shadowing effect. The
second alternative would be to use a value from the datasheet, which was applied at
first. When moving, the accuracy will get worse because of body shadowing, walls
and poor placement of the anchors resulting in poor GDOP. Thus, the UWB position
measurement error was increased manually to take into account these effects in the
measurements shown in the Figure 7.8. This means simply increasing the estimated
error value for each UWB system position measurement.

When using particle filter position updates and the Gaussian measurement up-
date approach the particles closer to the measurements will get weighed more and
are considered better. When we examine Figure 7.8 we notice that often the UWB
position result is inside or very close to a wall. For a particle filter, this means that
“wrong” particles near the wall will get too much weight in the importance sampling
update. Similar phenomenon happens with GNSS measurements. Very often the
result is 4 meters too much left and then jumps to be 4m too much on the right side
of the correct position.

A novel update approach was created. This is called “the Tukey-style” mea-
surement update. Depending on the technology (GNSS, UWB, BLE) and the mea-

surement quality if provided, instead of using Gaussian probability density for mea-
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surement update we use a “Tukey” -style probability density update. Figure 7.16

depicts this update probability distribution.

probability

Figure 7.16: The Tukey-style window for the particle filter measurement update.

In a Tukey-style filter there is a flat area in the middle as shown in the Figure
7.16. Here the Tukey range can be called “the radius of immunity”. The weights
remain unchanged within this region. The surrounding area, around the Tukey
circle, follows the Gaussian distribution defined by the error deviations from the
least squares process in both x and y directions. Using this approach instead of
the normal Gaussian with the least squares error estimate results, the particle filter
survival and success rate was higher. More of the correct particles survived the
importance sampling and the resampling elimination process because of this method,
when previously due to weighting the wrong particles, the correct particles would
be killed in the resampling stage.

Figure 7.17 depicts the Gaussian and Tukey-style measurement update differ-
ences. The probability mass inside the Gaussian distribution area equals that of the

doughnut area around the Tukey-style area of inefficiency. Inside the Tukey-style
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area the weights of the particles are unaffected.

Figure 7.17: In the left is the Gaussian distribution for the measurement update.
The Tukey-style window for the particle filter measurement update is on the right.
The particles in the area in the middle retain their relative weight values.

In addition, when the UWB measurement solution was showing a result inside
or behind a wall, the error deviation estimates of these measurement were increased
even further. This is a simple sensor subsystem measurement integrity checking.
This was placed in the availability system block within the navigation filter. To
limit the amount of computation, no extensive data association methods were used.
The addition of an integrity monitoring block could be an option parallel to the
availability block. Next, we examine particle filtering results including the use of

Tukey with UWB for the indoor scenario.

7.3.3 Resampling Strategy and Results Evaluation

The common approach for resampling is to use a measure for the particle cloud
weights. This was mentioned previously in chapter 4 and is the effective sample size
Neys. When this measure reaches a threshold, resampling is initiated.

Resampling was used at every update to prevent the sample impoverishment
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altogether. This makes the particle filter slower when particles are examined and
modified twice instead of just one round. 4% of particles were resampled at each
update. The particles with lowest weights were transformed to be copies of the
better particles. This copy was a weighted random selection of a better particle,
according to the weights of the better, the “survived”, particles. In addition, small
regularisation was applied for these transformed particles.

It was noticed that when the inertial mechanisation fails, like can be seen in
Figure 7.10, resampling a higher percentage of particles will compensate for the
errors uncompensated by the sensor subsystem. The inertial subsystem sampling
frequency was low. This, together with the strapdown taping quality made the in-
ertial sensor subsystem unable to track and compensate for the errors. But with
higher resampling and /or more loose propagation model this error can be compen-
sated for. The sort of errors, as can be seen in the 7.10, when the inertial track
turn is erroneous, are harder to detect. We will present a novel method (track form
matching) for detecting this in the chapter that follows, but for now we will use
slightly more loose propagation model and resampling percentage. The resampling
percentage increase can be thought of as a more frequent resampling when using the
effective sample size measure.

Figure 7.18 shows the result track when using a particle filter for sensor fusion.
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Figure 7.18: The resulting particle filter track.

Inertial track was used in the particle propagation step at each update (step
and position). The BLE and UWB sensor subsystems provided positions with error
estimates. The UWB sensor subsystem provided an error estimate that was noticed
to be too small and this was partly compensated for by manually adjusting the
particle filter update settings and the Tukey-style updating. The resulting track
still shows the bad results from the UWB affecting the fusion track in the stair-
case. The inertial track quality is compensated for by the particle filter propagation
characteristics and the walls constraining/killing wrong particles. The UWB results

that were behind the walls were downweighed by adjusting the error estimate when
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integrating with the particle filter.

Particle amount: Mapmatching compared the new particle location with the
map walls similar to Perttula et al. (2014). If the new location had gone through a
wall or was inside a wall it was resampled in a similar manner to what was described
previously.

The initial heading was unknown. The initial particles’ direction of movements
were set according to a uniform distribution over the whole circle. The particle cloud
was initialised at point (0,0) using 100 particles. Figure 7.19 depicts the position
initialisation accuracy that is dependent on the particle amount.

The GNSS receiver output error is stated to be 2.5m. This is true on an open
field. Within urban canyons and areas with less open sky, the error is in reality
much larger.

A simulation was conducted on how many particles are needed to represent a
position solution with less than a meter error. Using three values for 50% error
deviation limits, 10000 initialisations were made for different number of particles.
We can see here the error that the clouds usually have when trying to represent a
position. According to this, we chose 100 particles for our implementation. The
position solution is the weighed average of all particles’ positions. GNSS sensor
subsystem is the least accurate when compared with the constrained BLE and UWB

systems and thus defines the number of required particles.
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Figure 7.19: The particle amount to the position error relation when using different

standard deviations and particle numbers. The right side figure shows a zoom of
the left side.

Results: Figure 7.20 depicts the position error of the sensor fusion particle

filter track.
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Figure 7.20: The particle filter fusion track accuracy when using 100 particles.

The track is more accurate than the individual systems by themselves. The initial

lack of knowledge of a position and heading makes the system to first evolve towards

the correct heading. When the first position fix comes from the BLE subsystem the

particle filter is reinitialised according to the BLE position and errors. The headings

are kept in initial values as they already represent an uniform distribution. After

few steps, the particles moving towards wrong directions die and are transformed

into the higher weight particles.

The wrong turns and misfit step length provided by the inertial sensor subsystem

are compensated by the wall constraints and the particle propagation and resampling

properties. Moreover, the position fixes kill particles propagating in the wrong

direction.
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7.4 Map Matching

Map matching is located in the availability block. It is processed after the pentagon
buffer or particle filter updates. For the particle filter each particle position is
compared while for pentagon buffer the collision logic compares the buffer points
and the solution point. The pentagon buffer is presented in the next chapter.

Two checks are made. First is whether the point is inside a wall polygon. Second
is whether the line formed by the current and previous point locations crosses any of
the wall polygons. If either of the two checks are true then a collision has happened.
In a particle filter this initiates resampling and with the pentagon buffer the buffer

reduction is conducted.

7.5 Conclusions

The top-level particle filter system design and the implementation is proven to func-
tion well. Even with inaccurate sensor subsystems, with the help of the context
detection and data association, the result is more accurate. Thus far only zero-
update flag and stairs flag have been used in the context engine. Zero update flag
controls and enhances the inertial mechanisation and triggers the particle filter step
update. Stairs flag adjusts the particle filter and the zero-update detection method.
Process and Measurement noise are increased in the inertial only Kalman filter and
propagation characteristics are made looser in the particle filter. Zero update detec-

tion thresholds are adjusted for the stairs. The integrity check feature with UWB
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sensor subsystem was placed in the Availability block seen in Figure 7.1.

With Bluetooth low energy fingerprinting it was noted that the deployment of
the anchors was not successful in the lobby area. The same was true with the
placement of the UWB anchors. When the user was walking in the lobby area, in
the southwest corner, most of the measurement results pointed to a wrong location.
It is clear that an extra BLE anchor would be needed here to enhance the system
in resolving the solution in the open lobby area.

The UWB anchor placement geometry was poor. This with noisy range measure-
ments made the UWB solution worse than it could be with wiser anchor placement.
The BLE system accuracy with the constrained area reached 3 to 4 m level. UWB
accuracy in this test indicated 2m accuracy level. The inertial system with update
rate of 62.5Hz and 50Hz produced especially inaccurate turns. The 100Hz tests did
not have as bad a turn tracking.

The particle filter is very robust and fails rarely. This is true if the propagation
characteristics are kept loose. If the sensor subsystems are much more accurate than
the ones used in this chapter the particle filter propagation and update properties
can be kept tighter. The Tukey update performs better than the Gaussian update
when the position measurements are not precise. The Tukey update lets the particles
to follow the inertial mechanisation more inside the Tukey range.

Next, we look into the Kalman filter fusion.



Chapter 8

Kalman Filter and Pentagon

Bufter

A Kalman filter is presented here with a pentagon buffer for faster computation, es-
pecially for outdoors and areas with less wall constraints. A 15-Error-State Kalman
Filter tracks the attitude, velocity and position errors. In addition, biases for the
gyro and accelerometer are taken into account. In the previous chapter we men-
tioned the inertial-only error state Kalman filter that uses zero velocity updates. In
this chapter, a copy of this Kalman filter is introduced. The copy runs in paral-
lel, the zero updates are applied and in addition updates from the position fixing
sensor subsystems. Moreover, a parallel novel approach for position error tracking
is presented together with a track form matching method for GNSS track quality
determination. These are called the Pentagon buffer and the Track Form matching

methods respectively.

226
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8.1 Design Basis

Figure 8.1 depicts the block diagram of the Kalman filter design.

Context Engine

Figure 8.1: The Kalman Filter with Pentagon Buffer design block diagram.

The sensor subsystems included in this chapter study are the IMU and GNSS
subsystems. The data and timing agreements between the blocks are the same as
described previously. The context engine uses ZUPT and Collision logic correction
parts.

The initial value is given for the heading. The first position fix is taken from
the GNSS subsystem. As mentioned, the two Kalman filters run in parallel. The
first one shown, in the back, is the same that was running with the Particle filter.

This Kalman filter updates the inertial solution only with ZUPTs. Another Kalman
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filter uses not only ZUPTs, but also position fixes outdoors from the GNSS sensor
subsystem. The novel approach for error tracking and interaction with the map is

called the Pentagon Buffer approach. We discuss this next.

8.2 Pentagon Buffer enhanced Kalman Filter

The Pentagon Buffer (PB) can be described to be similar to a Rao-Blackwellised
Kalman Filter and an Unscented Kalman Filter. When the UKF propagates the
sigma points for position, velocity and attitude, the pentagon buffer points only
follow the position. This saves computational power and the filter doesn’t suffer
from dimensionality, which is the case with UKF as mentioned by Briers et al.
(2003).

Figure 8.2 shows the Pentagon Buffer approach.

Wall

KF attitude

KF position

Figure 8.2: The Kalman Filter solution with Pentagon Buffer interacting with the
map. The Kalman filter solution is shown in the middle. Five buffer points sur-
round the solution at fixed angles. These five points are the 3-sigma points in their
directions. The distance to these corners points change according to the inertial
propagation characteristics and the positioning fixes.
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The position solution is propagated each epoch, along with the Kalman filtered
error estimates. This defines the centre of the Pentagon Buffer. When the first
position fix from either the GNSS receiver or other sensor subsystems arrive, the
position solution is initialised. Together with the position, the error estimates from
the position fixing system are used to initalise the Pentagon buffer. The pentagon
buffer has five corners. The distance from the solution to the five corners changes
according to the pedestrian dead reckoning error propagation and the positioning
fixes. The corners are independent of each other and thus the design has more
degrees of freedom compared to for example an ellipse estimation of the error. From
the centre, each corner is defined by a distance value. The angles for the corners
are derived as explained in section 8.5. One corner is the direction of movement
when the Kalman filter and the pentagon buffer are initialised. The distance values
are derived initially from the standard deviation of the x and y components of the
positioning fixing system error estimate. The points indicate the 3-sigma points in
each direction. These are derived using the standard deviation of the first position
fix. One corner is initialised pointing to the same direction as the foot yaw angle.

When a position solution is propagated by estimating the error using the Kalman
filter, the Pentagon buffer points are propagated as well. This Pentagon Buffer
points position propagation happens at the same triggering events as the particle
filter propagation. These were either when step is detected or when a new position
update arrives from the position fixing sensor subsystems.

The Buffer thus travels around the main solution. Although the foot yaw angle
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changes and the direction of movement, the Pentagon buffer angles stay at fixed
angles around the position solution. The angles do not follow the changes in the di-
rection of motion. This is because the corners represents the position error. Similarly
to the particle filter particle cloud the five corners are propagated independently.
This means that the Pentagon Buffer points do not rotate although the main yaw
solution in the centre turns. This imitates the behaviour of the particle cloud edges

as can be seen in the image 5.3.

8.2.1 Pentagon Buffer Propagation

The Pentagon Buffer points’ distance values from the centre are adjusted at each
Buffer update. The distances are increased according to the perturbation model de-
rived for the particle filter. These were defined to increase according to the travelled
distance. Thus, since the last update the distance indicated by the mechanisation of
the IMU measurements define how much the points’ distances are increased. These
are maximum estimates or the 3-sigma estimates from the perturbation study. Each
direction grows at every Pentagon Buffer update. This buffer approach is acquired
from the empirical perturbation model study, while the Kalman filter variance can
be very optimistic on the error growth. Thus we have two error estimates for the
position error behaviour.

Moreover, the Pentagon Buffer points positions are compared with the 3-sigma
points of the positioning fixing systems’ measurements. If the Buffer points are too

far away they are returned to the 3-sigma range of the position measurement up-
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dates. This is applied if the position fixing measurement quality value is trustworthy

(threshold value).

8.2.2 Pentagon Buffer Collision Logic

Simple collision logic is introduced. When a wall is encountered as in Figure 8.2, the
Pentagon Buffer point distances are reduced until either they are out of the wall or
they become zero. If any of the corners become zero we have encountered a collision.
Now, the yaw of the Kalman solution (Blue arrow in the Figure 8.2) is compared
with each of the angles of the Pentagon Buffer corners.

The position solution is moved out of the wall, perpendicular to the blue arrow
indicating yaw angle, towards the Pentagon Buffer point that had an angle closest
to the direction of movement. This is, if the distance of that corner was greater than
zero. If all the three closest corner distances are zero we move the position solution
towards the closer corner that was behind. In the Figure 8.2 this is either of the two
corners behind the direction the user was walking to. The corners are just outside
of the sharp corner of the wall. The corner that has zero length is not included in
the correction selection because the wall is likely to be on that side of the buffer.

The position solution is moved out of the wall, similarly as in the work presented
by Mansour & Waters (2013) by applying a position update, to either side which
had closer angle to that of the yaw angle. The distances are corrected after the
corrective move so that no corners remain inside the wall or obstruction.

Figure 8.2 represents a problematic case. Either side of the obstruction could
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be a possible correct solution. For now, we make a decision to choose the corner
with the closest angle to the direction of movement. We will develop a novel filter
structure and a more extensive collision logic in the chapter that follows, to take

into account the more complex wall structures.

8.3 Evaluation

Three approximately 700-meter walks were conducted. One track result using the
Pentagon Buffer Kalman filter with GNSS position updates is shown in Figure 8.3.

The track ends in front of the main door of the Nottingham Geospatial Building.
This is seen next to the last epoch of the Error State Kalman filter, with the pentagon
buffer drawn on the map. The track begins from the bike stands.

The pentagon buffer corrects the Kalman position solution according to the buffer
collision logic. This is executed by applying a position correction measurement
update defined by the Buffer collision logic to the Kalman filter. This is a position
update for the Kalman filter, where the measurement z is the difference between
the current position inside the wall and the corrected position outside the wall that
was derived by the collision logic block. H is the measurement update matrix and
involves only the position term. R indicates a very accurate measurement error, in

order to move the solution out of the wall.
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Figure 8.3: Error State Kalman Filter solution with Pentagon Buffer (white). GNSS
track (yellow). Reference track using Leica RTK kit (magenta).

The collision with the wall, the constraint, and the weighting supresses the po-
sition error variance. This is accepted although the position error variance may

become too small. The pentagon buffer is not affected by the Kalman filter position
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error update and maintains the error estimation limits before and after the collision.
The buffer is changed by the wall collisions, the position update 3-sigma limits and
the error propagation of the pedestrian dead reckoning.

It can be seen that the cold start position solutions of the GNSS receiver are off
the true track and make the Kalman solution to go first towards the bushes. The
Pentagon Buffer helps by applying position updates that transfer the solution back
to the pathway. Afterwards the GNSS offers very good quality position solutions.
We can see the accuracy of the GNSS receiver and the accuracy of the Kalman

fusion between inertial and GNSS solutions in Figure 8.4.
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Figure 8.4: Single GNSS receiver and GNSS and IMU Kalman fusion accuracies.

We notice that adding the inertial sensor makes the accuracy worse. This is clear

when we examine the inertial solution. This is shown in Figure 8.5.
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Figure 8.5: The mechanisation of the IMU output swerves slowly towards right.

This was the case for all three walks. The main cause is assumed to be the tape
strapdown method onto the foot top or the used Zero Update detection method.
The Microstrain cable was hanging on the outside of the user’s left foot which
produces unwanted motion on the attached IMU as well. This happens especially
when jumping off the ground and when the foot lands. In addition, the used sensor
saturates already at + 5g. The acceleration at the hit with the ground can sometimes
be more than 5g, and this is another possible error source for missing mechanisation
information.

The used GNSS receiver produced a questionable result only once that seemed to
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indicate coming from a multipath condition in between multiple artistically shaped

buildings. This can be seen in Figure 8.6.
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Figure 8.6: Assumed multipath condition noticed with the used GNSS receiver.

The correct track continued along on the pathway west side of the road. The
receiver solution on the other hand continued across the road. A sudden drop in
the horizontal accuracy was noticed at the top north side of the track and the
position solution moves rapidly towards the correct track position. This happens

after approximately 50 meters from the beginning of the “multipath” error. Possibly
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one satellite with heavy multipath range results got completely blocked and was
switched to satellite with better quality range results.

The fused solution is thus very useful, if and when the GNSS solution is lost
or is degraded. Although the inertial solution swerves a bit to the right, it is still
very useful if GNSS is lost. We simulated two cases for Figure 8.3 walk, a gap of 50
seconds and a gap of 100 seconds. Figure 8.7 shows a gap of 50s. Figure 8.8 shows
a gap of 100s.

We can see that if the IMU track is of a good quality not all GNSS updates need

to be used. The accuracy degradation is shown in Figure 8.9.
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Figure 8.7: Simulated GNSS gap of 50 seconds. Yellow stars indicate the start and
the stop of the gap.
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Figure 8.8: Simulated GNSS gap of 100 seconds. Yellow stars indicate the start and
the stop of the gap.
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Figure 8.9: 100s gap in GNSS does not degrade the fusion accuracy too much.

One question remains; how to detect the GNSS error, when the GNSS receiver



CHAPTER 8. KALMAN FILTER AND PENTAGON BUFFER 239

cannot resolve its state or true quality of the positioning measurement.
We now propose a method for checking the integrity of the GNSS track by
presenting a method on how to detect this GNSS receiver condition described by

the Figure 8.6.

8.4 Track Form Matching

Inspired by the work of Lan & Shih (2014) a track form matching method was
developed. The inertial track has a tendency to drift after few tens of seconds. This
drift or error depends on Zero update detection quality, sampling rate, the sensor
saturation, amount of turns taken and the speed of movement. The good side of the
inertial mechanisation tracking is that the solution can be trusted within this time
window of tens of seconds.

On the other hand, the GNSS receiver position accuracy is not very good (de-
viation of approximately 10m) within this time window. But on a longer term,
within a time window of few hundreds of seconds, the GNSS receiver provides the
constant positioning accuracy while dead reckoning will get lost. Both long-term
and short-term properties can be used by examining the track forms. We present
here two approaches in detecting the GNSS track form perturbations and inertial

track inaccuracies within short and long-term time windows.
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8.4.1 Short Term GNSS Track Inaccuracies

A typical error in the walks was noticed with the used GNSS receiver. This was
shown in Figure 8.6. This deviation should first be detected and then acted upon.
Two trailing points technique was used to examine both the inertial and GNSS

tracks. This is depicted in the Figure 8.10.
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Figure 8.10: Three point samples were taken on both the inertial only track and the
GNSS receiver tracks. Matching the two track forms gives an indication whether
short term GNSS track quality is valid.

The difference of angles between the two track forms is derived. The angle for
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one track is the angle between two lines formed by the three points. The Figure
8.11 shows the comparison between the angles between the GNSS and the inertial

trails.
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Figure 8.11: The angle between the GNSS and the inertial (PDR, pedestrian dead
reckoning) tracks are compared.

Figure 8.12 shows the result of the angle differences between GNSS and inertial

only tracks throughout the walk.
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Figure 8.12: Angle difference between the three point samples on GNSS and inertial
tracks.
A threshold defined a condition when the GNSS measurements were no longer

trusted. This was set to 30 degrees. The 15-error state Kalman filter is used. The
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GNSS measurements were weighed down while this condition occurred, which is why
during the condition the GNSS measurement do not influence the fusion. The fusion
trusts the inertial dead reckoning more during the condition. A delay of 30s was
applied before turning the angle detection ON again and before returning to normal
GNSS weighing. Figures 8.13 and 8.14 show the resulting tracks before and after
the downweighing of GNSS measurements was turned on. The yellow stars indicate

when the track form detection method downweighed the GNSS measurements.
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Figure 8.13: The perturbation in the GNSS trail is detected using the method.

It is clear that for this single case the switch works well. The resulting track
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is closer to the true track when the GNSS updates are downweighed. The method
is based on the more accurate performance of the inertial tracking over GNSS on
shorter routes. It has to be remembered and also added into the code that this
has a prerequisite that the user hasn’t shuffled his feet or otherwise taken too many

dynamic turns.
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Figure 8.14: The resulting track after downweighting the GNSS measurements.

8.4.2 Longer Term inaccuracies within the IMU Track

A longer seven-point track form matching was applied in order to examine the effect

of the IMU track drift. This is shown in the Figure 8.15.
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Each of the six sections of the selected track were examined. The inertial track
was fitted onto the GNSS track fixing the first two points as shown in the Figure 8.15.
The cumulative error on either left or right side of the GNSS track was gathered.
This error then indicated how much the inertial track had turned to the wrong way

during the selected time window.
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Figure 8.15: Seven points on the Inertial and GNSS track examine the long-term
effect and quality of the inertial track. In this case the inertial track was all the way

on the right side of the GNSS trail. Thus the correction is a turn adjustment to the
left.

A corrective small yaw turn was applied as a measurement in the Kalman filter

each step after this detection, depending on how far away the last points on the
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two tracks were from each other. The Kalman filter 15-error state vector has the
accelerometer and the gyro biases. These are constant throughout the walking tests.
In future research the corrective yaw turn could be applied via changing the bias
values instead of measurement updates. The track form matching correction turn
update was executed at each 10s time interval window.

After walking forward, the inertial and GNSS track forms match better. This is

seen in the Figure 8.16 and 8.17.
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Figure 8.16: The applied correction suppresses some of the turn bias and brings the
inertial track form closer to the GNSS track.
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Figure 8.17: The magenta track shows the inertial only solution and the green track
shows the inertial solution with the track form matching stepwise yaw correction.
The longer-term sectioning track form matching corrects the inertial solution if it
has a tendency to turn repetitively onto either side. In some of the walks though, the
inertial track turn bias does not remain constant. For example, a slip while walking
and turning on a gravel layered ground could make the mechanisation misread the
turn. Rather the total turn error is more dependent on individual turns. Some
turns have errors that make the mechanisation result to swerve more to the other

yaw direction. An improved track form matching approach is introduced in the next
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chapter.

This method demands a good quality GNSS track. Thus, it can’t be used when
the short-term track form matcher indicates deformation in the GNSS track.

The resulting track is shown in Figure 8.18 when both the short-term and the
long-term integrity measures were combined. the resulting track is shown across the

zone where the GNSS solution is affected by the multipath. The long-term fixing

was not used while the GNSS perturbation was detected.
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Figure 8.18: Inertial track is trusted when GNSS track fails. The corrective turn,
defined by the long-term track form matching, on the inertial track is applied at
every step.
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8.5 Using Pentagon Buffer properties in Initiali-

sation

We can exploit the dynamic features of the buffer when converting from the particle
filter into the pentagon buffer enhanced Kalman filter. Figure 8.19 represents a

switch scenario.
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Figure 8.19: Pentagon buffer properties will retain more information of the particle
cloud than the Kalman filter covariance alone.

When the switch trigger evaluates as true, the Kalman filter is initialised first.
Then a buffer is constructed. The position solution for the Kalman filter is the
particle filter weighted average of particles’ positions. We divide the particles into
five sections according to the direction of motion information from the particle filter.
The direction of movement is shown in blue in the Figure. For each sector, the
standard deviation of the particles in that sector is calculated. Now we can derive
five 3-sigma values for each sector. These are then used to initialise the pentagon

buffer point distances.
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Also, when converting into particle filter, particles can first be spawn and then the
pentagon buffer can be used as a polygon for map matching. The particles outside
of the pentagon buffer are then resampled into the pentagon buffer. This creates a
particle cloud that again retains more of the error information than just simply using
the Kalman covariance. Sectorwise particle seeding is also an alternative method

for conversion.

8.6 Conclusions

We presented a pentagon buffer to fix the position when the main solution collides
with the map walls. This approach, using collision logic works by moving the solution
out of the wall. In some cases, the filter updates the position into one of two possible
locations like that in Figure 8.2. This is a problem, since we cannot be sure which
is the correct location. In the next chapter, a solution to this is presented by
a combined usage of both the particle and the Kalman filters and an improved
Pentagon Buffer collision logic.

Two track form evaluation methods were presented. The short term inertial and
the GNSS tracks are compared. The short-term method evaluates the quality of
the GNSS track according to the short inertial track. The detection method shows
whether it is feasible to use the GNSS measurement update. This method was
implemented in the availability check box shown in Figure 8.1.

Similar to the short track form matching the longer-term track form matching
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checks the yaw swerve tendency in the inertial track. In this chapter, if the inertial
track seems to be turning too much on either to the left or right, we applied a
corrective yaw correction each step. A new developed method is introduced in the
following chapter instead of the stepwise yaw correction.

We have presented the particle and Kalman filter methods for indoors and out-
doors respectively. Moreover, the Tukey style update and track form matching
methods were introduced with preliminary tests. Now in the chapter that follows,
all these used filters and methods and their good sides are now next designed into

a system for seamless indoor-outdoor navigation.



Chapter 9

Seamless Navigation Filter

The third and final design iteration of the system combines the three previous chap-
ters. The context engine in its entirety is brought to control the usage of the pen-
tagon buffer enhanced error state Kalman filter and the particle filter. The design
is named either as the tripartite filter, referring to the inertial only, the Kalman
and the particle filters, or as the dual-mode filter, referring to the particle or the
Kalman filter that produces the final fused solution. The big picture of the final
design is presented first, showing the function and interconnections between all three
combined: the context inference, the navigation filters and the sensor subsystems.
Following this, the outdoor performance of the dual-mode filter with the track
form matching is examined. The particle filter is further examined and an enhanced
version of the BLE sensor subsystem tackles the issues encountered in the previous
chapters. UWB anchor geometry is reconsidered; and finally, the context engine

operation is evaluated.

251
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Parallel execution is considered, and whether the mobile devices have capabilities
for this. How to use the available computational power most effectively is discussed.
Track form matching is the technique that was developed to aid correcting errors
caused by multipath. Multipath detection using track form matching deals with
how to detect the multipath condition and when to command the context engine to

tackle it.

9.1 Design Basis

Figure 9.1 depicts the block diagram of the tripartite filter design.

Formatted sensor daﬂ | Context switch commands \

Context Ene

Timing Agreement

The main loop
method
execution
order
(Timing
Agreement)
Prediction KF IMU Zero Update KF IMU 4

Prediction PF Update PF

Prediction KF PB Zero/ Position/
Velocity & Attitude
Tripartite Filter Update KF PB

- | Formatted and checked input data State update data,
' for the three parallel filters the new position solution

Figure 9.1: The tripartite filter shows the final design of the seamless context-
sensitive navigation filter for indoors and outdoors.
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The modified sensor subsystem versions are explained later. The data interface
agreements remain the same and data flow is away from the sensor subsystems. The
context engine asks for the position information from the navigation filter, but does
not modify the position. The context engine changes the state of the navigation
filter according to the current measurements and the history of position solutions.
The timing agreement is shown in Figure 9.1. First, the context engine derives the
necessary inference using the sensor subsystem data. The inferred output from the
context engine then sets the status of the navigation filter. Finally, the navigation
filter processes the epoch according to the modified status.

The availability block is responsible for data association for fusion. This is
both before and after the epoch is processed. In a way, it is considered as a data
integrity check block. Before the epoch from the sensor subsystems is processed,
the availability block checks the subsystem measurements against the history and
location information of the track. In the implementation for this work, this was
used to identify whether the sensor subsystem position measurement was inside a
wall or on the other side of the wall, in which case the measurement was given lower
weight and considered a corrupted measurement.

The context engine itself is independent of the memory aspects and infers the
current epoch context only. Availability is more closely connected to the naviga-
tion filter and the solution, and the data association rules are applied here within
the same block with the tripartite filter. Previous positions and track history are

recorded within the availability block. The availability block provides history infor-
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mation for the context engine when queried, and is thus responsible for the memory
aspects of the filter.

After the epoch is processed, final checks are made in the availability block for
the solution. This is the mapmatching stage, where the new solution is checked
against the map. If the logic finds that something went wrong, adjustments are
made and the epoch is retaken using the new settings. This logic was explained
previously as being the pentagon buffer collision logic and particle filter particle
cloud property check and map matching. This block holds the novelty that is found
in the structuring of the responsibilities and the more robust filter selection and

solution correction processes.

9.2 Outdoor Performance

Figure 9.2 depicts the accuracy of the final filter design outdoors for the 3 combined
walk recordings. The outdoor accuracy is dependent on the GNSS and the inertial
sensor subsystems qualities. Moreover, the filter settings define the accuracy that
can be achieved. In more detail, this means which inertial sensor propagation model
settings are used and how the positioning fix qualities are adjusted in the context
engine and in the availability blocks. For the conducted test cases the mean error

outdoors was 1.81 metres.
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Figure 9.2: The tripartite filter accuracy outdoors. In this example run, the particle
filter was on in the beginning for approximately 10 metres and near the end of the
track for approximately 20 metres.

The above figure shows a typical result for our measurements using the typical
settings for both particle and Kalman filters outdoors. The inertial solution had a
tendency to drift and swerve to the right. The GNSS position was mostly, within
2 to 4 metres, close to the truth, although under the southern building bridge and
next to the northern buildings the horizontal accuracy did get worse.

Figure 9.3 depicts the track of the dual-mode filter outdoors.

The filter starts with the particle filter on. The bush wall kills particles so that
the particle scatter falls below the threshold and the pentagon buffer switch happens.
The pentagon buffer enhanced Kalman filter runs until a collision is encountered on
the north-east side of the track (Northing 15m, Easting 50m). This collision can’t be
resolved by the collision logic as described in the previous chapter and the particle

filter is initialised.
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northing (m)
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Figure 9.3: The tripartite filter track result is shown in white when the pentagon
buffer enhanced Kalman filter solution was used. Cyan shows the parts where par-
ticle filter was used.

This collision is shown in more detail in Figure 9.4.
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Figure 9.4: The pentagon buffer collision logic is set to switch to particle filter when
this kind of collision happens, where the correct solution has two possible sides to
go around the object.

The particle filter resolves the situation when the particles on the left side of the

object die. This resolution is shown in Figure 9.5.
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Figure 9.5: The particle filter quickly resolves the collision event.

After few steps, the particle scatter again diminishes and pentagon buffer Kalman
filter is initialised. We can see one troublesome characteristic with the particle filter
when using the weighted average position solution concerning map matching. This

is shown in Figure 9.6.
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Figure 9.6: The particle filter switches again to the pentagon buffer enhanced
Kalman filter.

The trouble with using particle filter, weighted mean solution, and map matching
- comes when the solution is near the wall. This is seen in Figure 9.6. The particles
on the left die and the particles on right continue spreading to the right. This means
if the correct solution is just next to the wall, the weighted mean of the particles
tends to still point it further away to the right off the wall. This is fixed partly by
limiting the Tukey range and putting more weight on the GNSS measurement, but

it is still insufficient. A possible fix would be to use the pentagon buffer also around
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particle filter solution - and not use map matching for the particles, so that the
statistical balance would remain. A pentagon buffer would again be the correcting

method like it is in around the Kalman solution.

9.2.1 Particle Filter Characteristics

The GNSS system in this experiment is the most inaccurate of the used sensor
subsystems. It thus defines the minimum limits for the particle filter performance.
The outdoor track was processed using different number of particles and with only

the particle filter on. Figure 9.7 depicts the accuracy of the runs.
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Figure 9.7: Using only the particle filter for different numbers of particles, we can
conclude that 200 or more particles are necessary to represent a solution in our tests.
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It is clear from the figure that 200 particles is the minimum number for repre-
senting a position in our tracking scenario outdoors. If fewer particles are used the
accuracy will deteriorate. This agrees with the study made in the previous chapter
concerning the particle filter (Figure 7.19).

When we turn on the Kalman filter and allow the switch back and forth with the
particle filter, we can study the computational load and gain in speed when using

the novel dual-mode filter design. Figure 9.8 depicts this enhancement.

Degraded
performance

Only particle filter
(O ly Kalman filter
% Comparison run using
200 particles
Dual-mode example runs

1 1 1 1 1 1 1 1
0 100 200 300 400 500 GO0 700 800 900 1000
particle amount (n)

Figure 9.8: Using only particle filter, the computational load gets linearly greater.
By applying the Kalman filter when necessary, computational power is saved. The
200-particle filter load is taken as the reference. The blue line represents the particle
filter-only runs, the red line describes the pentagon buffer enhanced Kalman filter
runs, and the green line describes example runs using the novel dual-mode design.

The code is written in MATLAB and could easily be further optimised for more
effective programming languages. The most expensive section, in terms of compu-

tation, is the map matching of the particles. The saving of computational power is
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thus evident according to the test runs. The pentagon buffer Kalman filter runs ten
times faster than the 200-particle filter. The number of particles could be adjusted
according to the situation; however, in the work conducted for this thesis, this was
kept constant for simplicity. If the quality of the sensors is low, then more particles
would be needed to represent the solution. And in the case of a filter failing, more
particles when initialising would also help in acquiring the correct solution more

robustly and with greater accuracy.

9.2.2 Track Form Matching Characteristics

Track form matching was introduced in the previous chapter. Inertial track quality
stays consistent over a few tens of metres, after which the error tends to be closer
to few metres which is close to the accuracy of the GNSS receivers. Conversely,
the GNSS receiver short-term accuracy is around few to ten metres. These are
complementary characteristics which can be exploited.

Our approach for short term was to examine the track forms of the inertial-only
solution and the GNSS solution. For the final implementation, three short-term
track form matchers were created as introduced in the previous chapter. The three
track forms had distance resolution of 3, 10 and 20 metres respectively. This means
that three points on both the inertial and GNSS tracks were selected. The points
were separated by the distance resolutions, making altogether nine points.

An angle difference between the two tracks could then be detected. An angle

difference of 25 degrees was set for all short track form matchers. A delay value was
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used to upkeep the angle detection state for 15 seconds after the condition ceased.
A distance based switching back ON would allow the condition to automatically
reset when the track forms match again. But for the conducted test walks the time
based approach is applicable since the movement is continuous, without stops. This
triple matcher was then processed alongside the dual-mode filtering solution on a

corrupted track. Figure 9.9 depicts the detection result.

northing (m)

easting (m)

Figure 9.9: Short track form matching result using three parallel short track form
matchers with distance resolutions of 3, 10 and 20 metres. The magenta track shows
when one or more track form matchers indicated an angle difference greater than
the threshold of 25 degrees.
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For comparison, the right swerving inertial track is shown in the Figure 9.10. This
method assumes that the inertial track quality stays good for 40 metres. The last
detected angle difference south of the Nottingham Geospatial Building (Northing
10m, Easting 30m) in the previous example, was due to the inertial track swerving
towards right, rather than the GNSS track quality - as can be inferred by looking

at the inertial track form at that point in Figure 9.10.

northing (m)

easting (m)

Figure 9.10: The inertial-only track swerves to the right.

This is where the advantage of using long-term track form matching comes into
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play. When we correct the inertial track using a modified long-term track form
matching method, we get the following detection result shown in Figure 9.11.
The long-term correction was used only if the short-term track forms were good.

The corrected inertial-only track is shown in Figure 9.12.

northing (m)

easting (m)

Figure 9.11: Using long track form matching the inertial track can be corrected

and the track combined form matching results in the detection of the GNSS track
anomaly.
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Figure 9.12: Using long track form matching the inertial track can be corrected.
The corrected track is shown here in cyan.

The long-term track form correction method used was modified from the one
described in the previous chapter. Similarly, seven points were selected on the

inertial track 10m apart. The procedure is explained here.

1. Instead of fitting the two earliest points of the inertial track to the GNSS
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track, the centre of mass point was calculated for the 7 GNSS track points.

2. The same mass centre point was also calculated for the inertial track.

3. The inertial track was then moved so that the two centres of mass were at the

same location.

4. The inertial track was then rotated so that the angle was found where the min-
imum least squares distance between all corresponding points on the inertial

and GNSS tracks were the shortest.

5. After this, the start of the inertial track was moved to the corresponding GNSS

position.

6. A weighted attitude update was now applied so that the inertial track attitude

was turned towards the direction indicated by the GNSS track.

7. A weighted position correction update was applied to the inertial-only track
at the end of the track. The new position was in between the inertial track
end point and the corresponding point on the GNSS track according to a

preselected correction percentage.

8. The remainder of the track was smoothed backwards until the track-form
matching start point. The shift, how much the update moved the end of
the track was noted down. The epochs, backwards until the beginning of
the track form matched section, were shifted by this shift, multiplied by a

declining percentage. The percentage for the end of the track was 100% of the
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shift declining to 0% of the shift for the epoch at the beginning of the track

form matched section.

This method worked better than the first version explained in the previous chap-
ter. The correction percentage was 48% which is relatively high since it is applied
six times on each section that goes through the long track form matching. This
means that the inertial track will be shifted six times according to the correction
percentage. The lower the correction percentage, the less the inertial-only track is

transformed towards the track form matching result.

9.3 Indoor Performance

Figure 9.13 depicts the tripartite filter accuracy indoors. Figure 9.14 depicts the
tracks on the map. The mean error indoors was 1.14 metres.

The tripartite or the dual-mode solution reaches sub-metre accuracy when UWB
positioning is used in the lobby area and has line of sight condition to the user.
Going to the northern corridor, only inertial solution is available and the error
grows although it is constrained by the walls. When returning to the lobby from the
eastern side of the building, the UWB system again aids the fused solution to be very
accurate. When entering the upper part of the staircase (lower right corner), the
UWB system is somewhat less helpful in the fusion process, because of the non-line

of sight condition with one anchor.
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Figure 9.13: Dual-Mode particle/Kalman filter accuracy in red; UWB subsystem

accuracy in green; BLE subsystem accuracy in blue.

when the reference system was available.
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Figure 9.14: Blue track shows the tripartite filter trail; green shows the UWB sensor
track; and magenta is the reference track measured using a Leica total station.
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Figure 9.15 presents the anchor locations on the map
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Figure 9.15: Blue stars show the locations of the BLE anchors. Green stars mark
the UWB anchor locations.

The new implementation for the UWB system functions better than the first

setup in the previous chapters. This is mainly due to the better GDOP by placing
the anchors smartly as devised by Kirchhof (2013). The positioning stays accept-
able, even behind one wall structure in the corridor that runs from south to north

(northing coordinates 16m to 23m). This is also because a simple range compensa-

tion was used at the top of the stairs and in the northern corridor for the top right
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anchor. This is to aid the non-line of sight condition that occurs at these locations
for this anchor. The resulting track behind one-wall structure corresponds to the
performance discussed by Meng et al. (2012). The UWB system now covers the
whole of the open lobby area which was challenging for the BLE system.

The novel method used in BLE positioning functions as well as the fingerprinting
method used previously. The advantage is that the laborious fingerprint recording is
not needed. We now discuss this new version of the BLE positioning fixing systems

in more detail.

9.3.1 Novel BLE positioning

The accuracy of the novel approach for BLE fingerprinting reached similar accuracy
(Figure 9.13) to the fingerprinting method tested in the previous chapters. In this
approach, the fingerprinting recording was replaced with less laborious recording
of the anchor RSS-to-distance relationship curves. For each anchor, an individual
conversion curve was measured by moving the receiver meter by meter until 20m
away in an open area environment. The radiomaps were then created in a similar
manner to walless pathloss modelling. For each anchor, the gridmap contained RSS
value at each point according to the individual distance RSS conversion curve.
This approach removes the need for the laborious fingerprinting recording offline
session. It is also very simple to set the anchors to send their positions. This removes
the need to have anchor location information in the map on the mobile device. The

anchor placement on the mobile device map could be placed when the user arrives
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to the proximity of this BLE anchor.
The same position acquisition algorithm was used for these radiomaps that was
used in the fingerprinting approach in the previous chapters. Figure 9.16 presents a

positioning solution using this method.
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Figure 9.16: Example of a BLE positioning result using the pathloss model-based
grid radiomap creation method.
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9.4 Seamless Performance

Four additional walks were conducted. This time the walks were continuous and
included going indoors and coming outdoors. No reference track was collected during
these continuous seamless trials. The walked tracks outdoors and indoors go the
same way as the tracks explained previously in this chapter. The outdoor track was
also walked in the reverse direction when leaving the building. We first examine the

improved parts of the navigation system before investigating performance.

9.4.1 State Machine

Ruppelt et al. (2016) used a state machine in their design. The state machine of
the navigation filter bank describes the implemented context inference in action.
Two state flags - indoor and particle filter flags - define the main states. The
stairs, entrance and ZUPT flags are secondary flags contributing to the filter setting
changes. Figure 9.17 describes the four main states using the large squares.

The secondary flag blocks are smaller. The ZUPT and Stairs flags adjust the
Mechanisation settings while Entrance flag enables the vertical indoor-outdoor switch
checks. A horizontal change describes the transfer between the two filters: the par-

ticle filter (PF) and the Pentagon Buffer Kalman filter (PB).
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Figure 9.17: The state machine describes the context engine operation and the
control transfer between the particle filter (PF) and pentagon buffer Kalman filter
(PB).

9.4.2 Novel Collision Logic for Pentagon Buffer

Figure 9.18 presents the enhanced collision logic.

In the new collision logic that was developed, the black trail shows the colliding
solution. When a collision occurs, the two green points represent the solution options
for a new correct position that was described in the first version. The green positions
start from the position where the collision was detected. Aiding blue points are used
starting from the two previous step locations. Collision detection uses two methods:

a check if the point is inside a polygon is the first method, and the second checks
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whether two lines are crossing each other. The green and the blue points are moved
perpendicularly, until a trace is found where no points are inside a wall polygon or
no lines are crossing the wall structures. This is for both green circles.

Wall
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1. the solution
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=

5. option with no
collisions selected as correction

Figure 9.18: Enhanced collision logic using aid points.

An additional check is made for the next predicted step. In our example, the
bottom trail is selected as the correct position. If none of the traces work, that is
the green solutions are far away (threshold) or no free path was found for the lines,
then the particle filter is initialised.

In case the particle filter fails, which is when every particle ends up inside a wall,

the latest position update or track location is used to reinitialise the particles.
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9.4.3 Particle filter with Pentagon Buffer

As was noticed when discussing outdoor performance, map matching with the par-
ticle filter causes the weighted average solution to move away from the walls - even
though the correct solution could be just next to a wall. This was because walls kill
particles and naturally the particle cloud scatters away from the wall. Moreover,
map matching with each particle is the most computationally expensive operation
in our design. To tackle these two issues, we place the pentagon buffer around the
particle cloud. The buffer is now let to interact with the map and map matching is
not used on particles. This means that the statistical information kept within the
particle filter will only be affected by the position fixing updates.

The option to map match particles is retained to be used when necessary. This
is necessary especially when no position updates are available. The centre of the
buffer is at the same location as the weighted average of the particle cloud positions.
If this centre enters a wall, a collision logic is initiated and an offset is added to the
pentagon buffer centre according to the new corrected position. This pentagon buffer
centre, including the offset from the particle filter weighted average solution, is now
the solution for the whole filter. The offset is programmed to diminish over time.
This means that if the walls have guided the pentagon buffer solution away from
the particle filter, it will automatically return closer when entering a more open
or wall-free area. If the correction for the pentagon buffer fails, map matching is

turned on for the particles and pentagon buffer is shut down. Figure 9.19 presents
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the results of the particle filter with pentagon buffer. We can see that the buffer
bumped into a wall but the solution still stays near when using the pentagon buffer.
If a particle filter with map matching would have been used, the particles on the
top right would have been killed by the sharp wall on the top of the figure - and the

solution would be more westerly.
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Figure 9.19: Particle filter with pentagon buffer.

This adds a new filter state in between the particle filter and the pentagon buffer

Kalman filter. For simplicity, we initialised the pentagon buffer particle filter only
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when the particle filter was on. The initialisation of the pentagon buffer particle
filter from the pentagon buffer Kalman filter was left for future study. This is shown

in Figure 9.20 using the white arrows on the top.
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Entrance -
Switch Logic

Mechanisation
Settings

Figure 9.20: The state machine describes the context engine operation and the
control transfer between particle filter (PF), particle filter pentagon buffer (PFPB)
and pentagon buffer Kalman filter (PB).

9.4.4 Seamless System Characteristics

The accuracies for the combined seamless walks outdoor and indoor were comparable
to the accuracies of the walks conducted in the chapters 7 and 8. In addition, the
Kalman filter pentagon buffer stayed on the whole time for all the measured tracks
after the initial conversion from particle to Kalman filter, because of the novel
collision logic. Thus, the interesting factor to examine were the outdoor to indoor
and the indoor to outdoor transitions.

Figure 9.21 shows a challenging transition of the four walks from outdoors to
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indoors. The novel pentagon buffer logic is able to correct the position into the
entrance. The switch condition is seen completed when the stepwise marking colour
of the track turns from white to blue. The switch condition was explained in the
chapter 6.

When going outdoors the solution depends on an inertial sensor only for a short
while before the GNSS receiver horizontal accuracy improves. This can be seen in
Figure 9.22. The yellow GNSS track position is off first by few metres before settling
near to the true walk trail. The GNSS position weighting increases in the Kalman

filter as horizontal accuracy improves.

northing (m)
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Figure 9.21: The pentagon buffer Kalman solution enters indoors successfully.
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Figure 9.22: The pentagon buffer Kalman solution enters outdoors successfully.

Indoor to outdoor performance was worse with GNSS because of the GNSS
receiver cold start as mentioned also by Hejc et al. (2014).

A further eight walks were conducted to examine the transition. Four from
outdoor to indoors and four from indoors to outdoors. BLE and UWB anchors were
placed at the entrance and the values were recorded during the walks. The GNSS
horizontal accuracy change was examined.

Figure 9.23 shows the inertial track in white and the GNSS track in yellow.

A very steep drop in horizontal accuracy occurs when entering indoors. This can

be seen in Figure 9.24.
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Figure 9.23: Outdoor to indoor transition trails for inertial (white) and GNSS (yel-
low) solutions.
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Figure 9.24: GNSS receiver horizontal accuracy when entering indoors.

Figures 9.25 and 9.26 show the equivalent diagrams when going outdoors from

indoors.
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Figure 9.25: Indoor to outdoor transition trails for inertial (white) and GNSS (yel-
low) solutions.
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Figure 9.26: GNSS receiver horizontal accuracy when going outdoors.

It is clearly seen that when going outdoors it takes few to tens of seconds before

the horizontal accuracy improves.

To aid in the transition, approach sensors could help in fixing the position when
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approaching or leaving an entrance. BLE and UWB anchors were tested at the
entrance while the user passed. Figures 9.27 and 9.28 show the range measurement
for the UWB anchor and the RSS measurement for the BLE anchor. The UWB is
much more accurate and with the UWB anchor it is easier to detect the outdoor-
indoor context switches more reliably.
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Figure 9.27: UWB ranging results while passing the anchor.
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Figure 9.28: BLE signal strength results while passing the anchor.
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9.5 Concluding Remarks

The novel seamless navigation filter design was tested and operates correctly. The

following chapter contains a detailed summary, lessons learnt and future research

suggestions.



Chapter 10

Communication and Conclusions

The work has been assessed according to the publications in conferences: Basiri et al.
(2014, 2015), Peltola et al. (2016), Daniel et al. (2016), Peltola et al. (2017). and a
journal: Basiri et al. (2017). A novel seamless navigation system was successfully
designed and tested. This chapter summarises the experiences encountered and the

likely future research opportunities. A light metric for seamlessness is considered.

10.1 On Context Inference

One research question included the examination of context inference for improving
system performance. This goal was clearly achieved. The designed system is ca-
pable of switching between the particle and the Kalman filters depending on the
environment.

The developed general system design takes into account the configurational flex-

285
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ibility. This means that the sensor subsystems can be replaced by improved versions
in the future. This is enabled by the plug-and-play design. Plug-and-play design
includes the separation of the implementation choices and the top-level design. The
interface agreements between the blocks play a crucial role. Future implementations
could consist of multiple similar sensor subsystems. The blackboard model could
then be used to select the best of the subsystems. This could be essential if, for
example, a Bluetooth system loses an anchor and thus also accuracy. More advanced
integrity checking would be necessary.

The system is also environmentally adaptable. The system can detect the en-
vironment and act upon it. The settings for stairs and settings for indoors, where
different sensor subsystems are used, were switched ON successfully when the in-
door flag was raised by the context engine. When getting closer to the entrance,
the context transfer inference code blocks were activated. This saves computational

power by not running the checks unnecessarily.

10.1.1 Filter transfer

The filter transfers were successful. The computational power management was
improved by the filter switching logic. The particle filter is the most robust filter,
which is more suited to and capable of deriving the initial heading at the start when
the system switches on. This is achieved through positioning fixing systems killing
particles that are heading in the wrong direction. Also, when the filter fails, a more

sparse particle cloud can be re-initialised in order to recover efficiently. The initial
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movement heading distribution was uniform. The first positioning fix initialised
particle positions according to the error estimate from the positioning fixing system.

When the particle filter indicated a clear unimodal distribution, the control was
transferred to the Kalman filter. This saves computational power. In between - when
the particle filter scatter was greater, yet still representing an unimodal solution -
the particle cloud was surrounded by the pentagon buffer. When using only the
particle filter, the map matching method for each particle used a massive amount of
processor time. When turning the pentagon buffer on, map matching of the particles
was stopped. The pentagon buffer interacted with the map instead of each particle;

this saved computational power.

10.1.2 On Map Matching

A high definition UAV survey image map was georeferenced and transferred into
MATLAB using a local tangent plane coordinate system. In addition, the KML
wall files were used to represent constraints for user movements in the map area.
The walls contained information on their passability. The doors were considered
as walls that are passable. Future maps could be enhanced by adding temporal
attributes to the wall structures. The inference for displaying only the necessary
information could also enhance the overall system performance by showing just the
necessary related information on the map.

The pentagon buffer interacted with the walls alongside the particle and the

Kalman solutions. This novel approach eased the workload of the processor and
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guided the solution according to the characteristics of the changing environment.
The particle cloud can disperse into two if positioning fixes are not present. A
future study could involve particle cluster detection methods. The separate clusters
could be surrounded by multiple pentagon buffers. In this way, the multiple trail
guesses could be upheld until a new position fix is available.

The collision logic handled the pentagon buffer interaction with the walls. Yet
further development of the collision logic could initiate multiple Kalman solutions
when needed. This is especially the case when an obstruction interacts with the
buffer and could split the solution into two. These Kalman solutions could then be
surrounded by their own buffers. Multiple target tracking could benefit from this
approach. To save power, the buffer approach could be used instead of the particle
filter to track the targets whose position is presentable by the unimodal Kalman

filter.

10.1.3 On Abstraction

Our implementation did not use any virtual sensors other than the map. For exam-
ple, if calendar information was added into the system, the context inference could
enhance the navigation filter status derivation according to this extra information,
or information from other similar future virtual sensors. This would be executed
by inputting the information from the calendar into the context engine inference
process, which would then adjust the navigation filter state to be more optimal with

this extra information from the calendar.
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The availability block stored the defined amount of history data. There are
reprocessing options available in the literature that could be added, for example by
Lan & Shih (2014), to enhance the positioning solution using this history data. A
good example would be smoothers to reprocess parts of the tracks. The availability
block was responsible for map matching, integrity checks, history records, status
checks and filter iteration initialisation. Optimisation, especially of this block, could
further enhance the flow of the system.

The state machine design is closely related to the availability block design. This
could be the focus of more research. The efficient use of the filter bank is essential,
and more filters could be added to the bank and run in parallel or individually.

The novel track form matching exploited short-term features of the inertial solu-
tion and the long-term features of the GNSS solution. If the GNSS track was very
bad, like is the case with cheaper receivers on mobile devices, the usage of only the
foot mounted inertial solution with track form updates could work even better than
continuous updates with poor GNSS. This also could be a future research topic.
More different sensor types should be tested with the novel design and features

added while testing these sensors.

10.2 On Sensor Fusion

The fusion and technology features were examined according to the research ques-

tions. First, the literature was reviewed for the current technologies used in indoor
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positioning. The indoor positioning still poses the greater challenge for achieving
seamlessness. The filter accuracy and the computational load are the two main pri-
orities to be tackled in the navigation system design process. The trianlge between

the usability, computing power and accuracy should be evaluated.

10.2.1 Technologies and Methods

An analytic hierarchy process revealed the best fit sensors for our needs. The cam-
era and the light-based positioning is very accurate, but was excluded because the
sensors are not the most userfriendly. Instead, UWB, BLE, Inertial and GNSS tech-
nologies survived. These were the technologies our novel seamless system is based
on.

For these technologies, a revision and testing of navigation solution methods was
conducted. The best approaches were then implemented into the novel tripartite
filtering structure. For Bluetooth low energy technology we ended up with the second
approach. This was the use of anchorwise individual RSS to distance conversion
tables. These tend to change according to the battery level. This should be taken
into account in future designs. For example, if the anchor sends the current battery
level with its position this would enable independency of the map and compensate
for the conversion table errors. The fingerprinting system is possibly even more
accurate, but the laborious setup of the system makes it not likely reach any big
data markets.

The UWB system was the most accurate positioning fixing system that we in-
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cluded into the design implementation. The UWB anchor geometry has to be taken
into account and anchor placements designed accordingly. This system can pen-
etrate one wall structure. We used the least squares to derive position from the
range results. A wall pathloss compensation can be used for anchors that are likely
to have non-line of sight conditions. This is helpful in the least squares process and
improves the UWB subsystem accuracy. In our tests only one anchor was corrected.
Otherwise, the anchors were behind multiple walls and the signal could not reach

the user receiver.

10.2.2 Characteristics Adjustments

When approaching an entrance, only the IMU was trustworthy. Adding an approach
sensor to the entrance would help, especially in the case when the user leaves the
building. This is the most critical region requiring additional help. An UWB anchor
would be best, though BLE anchors could work as well.

The computational load particularly depends on the particle amount. This re-
lationship between particle amount and filter accuracy was examined. A further
study could be relevant for how to change the amount of particles necessary in dif-
ferent contexts. More particles are clearly necessary if the area has many walls and
no position updates are available. For example, if the user goes into a room but
then walks parallel to the wall alongside corridor on the other side of the wall. The
system in this thesis needed at least 200 particles.

A Tukey-style position update for the particle filter was developed to compensate
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for the too small or untrustworthy sensor quality estimates from the GNSS, UWB
and BLE systems. The Tukey update includes a safe zone around the position fix
where the particle weight is not affected. This improved the performance, for ex-
ample, in cases where the sensor subsystem continuously indicated positions behind
a wall instead of a corridor. The ”correct particles” in the corridor survived. The
pentagon buffer particle filter also tackled this issue.

The inertial system propagation properties were tested by a measurement cam-
paign. Our model used a similar increase in uncertainty for all directions. A more
sophisticated model could help in making the boot-mounted strapdown inertial error

estimation more efficient.

10.2.3 Performance and Achievements

The different filters are suited for different tasks. The approach presented in this
thesis enables the future navigation applications to exploit the results for designing
more adaptable systems. The novel integrated approach is more intelligent, robust
and autonomous compared to using only a single type of navigation filter. The best
features of the particle filter can be exploited in situations when the area has many
walls and an unique solution is difficult to track using a Kalman filter. Vice versa,
when the environment is less wall-rich, computational power can be saved by using
the lighter Kalman filter.

The developed design enables plug-and-play approach for sensor subsystems of-

fering separate positioning solutions. The parallel context engine can then either
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pick the best or command the navigation filter to fuse the best quality solutions into

the most optimal final navigation solution.

10.3 Seamlessness

The designed seamless system is implementable on mobile devices. A metric could
be useful for assessing the level of seamlessness. We need to first define the af-
fecting attributes. These are: the sensor availability on both the device and the
environment, the sensor type and the sensor accuracy. We also need a restricted
area inside which we can assess the seamlessness. The further derivation is left for

future research.
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Appendix A

Levelling using Quaternions

The levelling was adapted from the works by Sola (2017), Trawny & Roumeliotis
(2005), Madgwick (2013). The following pseudocode describes the process of level-
ling during Zero Velocity Updates while the person was walking.

Incremental correction during each epoch, while the ZUPT is on.

1. The down component is taken in the local tangent plane coordinate frame
of the normalised quaternion that represents foot attitude. This is also the

direction estimate of g.

2. Cross product is taken between this vector and the measured normalised accel-
eration vector in the stagnant IMU body frame. The normalised measurement

indicates the correct down direction for g. The cross product is orthogonal
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to both the estimated and the measured directions of g. Thus, it can also
function as the rotation axis. The magnitude of the resulting vector is pro-
portional to the angle between the two vectors. This vector represents the
difference between the measured and the estimated attitude of the stagnant
foot on the ground.

error = v X (‘%)

3. We calculate the angle between the two vectors.

angle = atan2(|error|,v e %)

4. We define a constant epochwise proportional factor, K, that indicates the
amount of corrective turn for each epoch. The larger the K, the slower the
error is corrected. This means the estimated attitude turns towards the correct
measured attitude. If this is set too small, the correction might overshoot and
even turn unstable. The turn is derived as a quaternion.
scalar = cos(angle/(2K,))

error

avis = (ron. * sin(angle/2K,)

correction_quaternion = [scalar axis];

5. This adjusting quaternion can now be converted into euler angles and in-
serted as an attitude error update, together with the gyro bias estimate, to

the Kalman filter.

We didn’t apply smoothing stepwise corrections as, for example, Tunca et al.

(2017). They used a Rauch-Tung-Striebel smoother. Moreover, Madgwick (2013)
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used stepwise smoothing of the previous step. He recorded the velocity error at
the first zero velocity update after step had been taken and compensated this value
linearly by reprocessing the previous step epochs. A similar approach could also be

used for the position drift. These are left as possible future additions.
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