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Abstract

Even though technology-aided pedestrian navigation is an extensively studied research
topic, a commercial system is not yet available. However, the ability to locate a person
in “any” environment is a key feature in several applications. In outdoor environments,
the position can be obtained through satellite-based systems or by triangulating radio
signals (e.g., from cellular base stations). All these approaches rely on the use of
transmitting devices placed in known positions in order to determine by triangula-
tion, the position of the user’s receiving device. However, the costs and complexity,
associated with a pre-deployed infrastructure and its maintenance, together with an
often limited position accuracy, represent the mail limitation to an extensive adoption

of these technologies, in particular in indoor environments.

Inertial navigation-based solutions can overcome these limitations because of
their independence from external infrastructures. Inertial Navigation Systems (INSs)
exploit data collected through Inertial Measurement Units (IMUs) to continuously
estimate the position, orientation, and velocity of a moving user. Leveraging the
sensor’s cost reductions, the massive diffusion, in commercial devices, of cheap IMUs

can be exploited to perform pedestrian inertial navigation.

In this dissertation, an extensive overview over the possible approaches already
existing in the literature is first provided (Chapter 1). In particular, this work mainly
focuses on purely inertial navigation systems. A preliminary analysis of the algorithms
able to relate inertial signals to the body displacement is given. Then, two innovative
algorithms for pedestrian navigation are proposed (Chapter 2). These solutions exploit

different body dynamics because of the different sensor on-body placement. After



ii Abstract

that, a thorough analysis relative to the impact of the sensors’ placement over the
human body is provided. Different approaches are studied, and, then, the fusion of the
signals collected through different IMUs is proposed in order to increase the accuracy
with respect to the systems based on single sensor (Chapter 3 and Chapter 4). The
evaluation of the possible approaches to inertial navigation has also led to the use of
hand-held commercial devices (Chapter 5). In particular, an innovative algorithm to
perform inertial navigation based on the data collected through the IMU embedded
in a smartphone is proposed. The considered algorithms are validated through an
extensive experimental campaign with multiple smartphones. The obtained results
show the feasibility of commercial pedestrian INSs, highlighting their strengths and

weaknesses.
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Introduction

If you want to find the secrets of the universe,

think in terms of energy, frequency and vibration.

- Nikola Tesla

The ability to navigate in an unknown environment, without any information
about the surroundings, has been a challenge which mankind has faced forever. First
navigators started applying new strategies in order to guide themselves over “endless”
seas and lands. Nowadays, position informations represents an even more important
aspect because of the technological claims.

Substantial investments have been carried out to develop tools able to provide
more and more accurate position information. Even though the well known satellite-
based localization is only one of these various technologies, it has had, through the
widespread use of Global Positioning System (GPS), a disruptive impact over the
everyday life habits. Modern lifestyles lead to an “indoor life,” in which persons
live, work, and even perform sports. In these scenarios, in which satellite signals
cannot provide a position estimation, persons/objects location still represents a key
information: in extreme scenarios (in which, for example, firefighters or military
operate); in malls where the user’s position knowledge allows an accurate and effective
buying experience; in warehouses where Unmanned Autonomous Vehicles (UAVs)
cohabit with human operator to improve safety and productivity; and so on.

The conventional way to estimate location info is represented by radio-based ap-
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proaches, where external signals are collected by a receiver to estimate its position.
Some of these technologies, such as WiFi, exploit preexisting infrastructures which
are deployed for other purposes (i.e., to provide internet connection). Bluetooth de-
vices, which have been developed for communication reasons, can be deployed in
the environment in order to act as anchors. Moreover, ad hoc technologies, such as
Ultra Wide Band (UWB), have been specifically developed to perform very accurate
positioning in indoor scenarios. The main drawback of all these technologies is their

infrastructure dependency and high sensitivity to noise and environmental changes.

Inertial navigation is characterized by an efficient trade-off between costs, com-
plexity, and reliability. Inertial navigation means estimating the current position by
knowing only where one was and the “energy amount” one has put in his/her move-
ment to reach the current position. This approach can be applied to several fields. This
thesis focus on one of the most interesting application, namely the pedestrian inertial
navigation. Multiple Inertial Navigation Systems (INSs) have been investigated, and
several prototypes have been built in order to verify the feasibility of an effective

pedestrian INS.

This thesis in organized as follows. In Chapter 1, inertial navigations basics are
provided. A historical overview of the INSs evolution is given, together with a sur-
vey about the state of the art and, in particular, pedestrian INSs. In Chapter 2, two
novel algorithms for pedestrian navigation, based on signals collected by a single
wearable Inertial Measurement Units (IMUs), are compared. These two navigation
algorithms require the placement of the IMU on the foot or on the chest of the test
subject, respectively. Different methods for gait characterization are compared, evalu-
ating navigation dynamics by using data collected through an extensive experimental
campaign. The main goal of this chapter is to investigate the peculiarities of differ-
ent inertial navigation algorithms, in order to highlight the impact of the sensor’s
placement, together with inertial sensor issues. Chapter 3 describes the development
of a multi-floor hybrid inertial/barometric navigation system. The prototype inte-
grates several IMUs and a barometer. The inertial sub-system, by properly processing
the signals collected by the IMUs placed on the test subject’s feet, reconstructs the

two-dimensional navigation pattern. Three different sensors’ configurations are in-
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vestigated in order to find the best performing set-up. A simpler configuration with a
single IMU is also considered to derive a reference performance benchmark without
multiple IMU fusion. The barometer is used to detect the floor change. The fusion of
inertial and barometric signals enable the complete reconstruction of the movement
of a person in both indoor and outdoor environments. In Chapter 4, a comparison
between different inertial systems is presented, investigating the impact of on-body
placement of IMUs and, consequently, of different algorithms for the estimation of
the traveled path on the navigation accuracy. In particular, the system performance
is investigated considering two IMU placements: (i) on the feet and (ii) on the lower
back. Sensor fusion is then considered in order to take advantage of the strengths of
each placement. The results are validated through an extensive data collection in in-
door and outdoor environments. Finally, in Chapter 5 an innovative INS based on the
data collected through the IMU embedded in a commercial smartphone is presented.
An innovative step detection algorithm, which is independent of the holding mode, is
proposed, the only assumption behind its derivation being that the device is hand-held
(i.e., the user is texting/navigating or phoning) and its movement is related to the upper
body displacement during walking. A new approach able to automatically calibrate
the step length estimation formula according to the smartphone positioning is also
presented. The developed algorithms is validated through a test campaign carried out

by considering three different smartphone models and different path lengths.






Chapter 1
Navigation

Following the light of the sun, we left the Old World.
- Christopher Columbus

Navigation can be defined as finding one’s way everywhere over the world, through
seas, deserts, mountains, and cities. Without a definite path, the navigator has to rely on
every information the environment provides him, such as reference points, celestial
bodies or electronic marks. The word navigate comes from the Latin words navis
(ship) and agere (to drive or guide).

Navigation involves many scientific fields and has always represented a strategic
capability, based on the understanding of earth, seas, and skies. Even though changes
in navigation science and technology over the last five hundred years have altered the
navigator’s work and methods, the navigator’s basic task remains constant: keep track
of where he/she has been and where he/she is now in order to plan where to go next.

Navigation relies on astronomy, physics, oceanography, meteorology, earth sci-
ences, aerodynamics, and hydrodynamics. Mathematics can include arithmetic, al-
gebra, trigonometry, logarithms, geometry, and analysis. Due to the huge amount of
complex data and the continuous environmental variations, the navigator needs to

face several challenges in order to make good decisions.
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While today’s electronic have helped automate navigation, it also provides much
more information to be processed by the navigator. The work of navigation requires
care, but it is fascinating as it combines many disciplines and requires accurate

forethought and planning.

1.1 History of Navigation

The navigation fundamentals arise from the first Austronesians which began sailing
the Pacific ocean between about 3000 and 1000 B.C. Their descendants, hundreds of
years later, started to populate oceanic islands, such as Tonga and Samoa, up to New
Zeland, Easter Island and, perhaps, South America. At this time, the main strategies
to navigation across the ocean included the observation of birds, star navigation, and
the use of waves and swells.

The evolution of navigation come from the Mediterranean sea, where the living
populations began looking more accurately to stars. The Minoans started building
sanctuaries aligned with the rising of the sun on the equinoxes, but also with references
to the stars, demonstrating a good astronomic knowledge. In particular, their trips up
to Thera and Egypt led them to the study of the constellations, such as the Ursa Major,
the Ursa Minor, and the 8 Draconis. A map of these constellations map is shown in
Figure 1.1.

Together with the constellations adoption as reference for navigation overnight,
the Greeks became accurate geographers, creating more and more accurate maps. The
famous astronomer, geographer and, clearly, navigator Pytheas of Massalia was able
to discover the polar ice, the German tribes, and, possibly, Stonehenge. He was also
the first known person to describe the Midnight Sun. The Greeks were also one of
the first population able to build mechanical instruments specifically for navigation
purposes, such as the Antikythera mechanism, shown in Figure 1.2(a). This tool was
used to predict astronomical positions and eclipses and the oldest one has been dated
around 100 B.C..

The Mediterranean sea was also the cradle of two more civilizations, the Phoeni-

cians and the Carthaginians, which, around the 500 B.C., became famous for their
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Figure 1.1: Constellations used by the ancients to navigate during nighs: the Ursa

Major, the Ursa Minor, and the Draco.

ability in sailing. They are credited for introducing new methods and instruments,
such as the first sounding line, shown in Figure 1.2(b), to estimate how far they were
from the land and sediments from the bottom of the sea to determine their relative

positions with respect to the sediments.

At the beginning of the 9th century, the Arab empire significantly contributed to
the development of innovative methods for navigation. Given the small number of
navigable rivers in the region, sea navigation became fundamental for their survival.
This necessity led to the discovery of the magnetic compass and the Kamal, a very
basic tool for latitude estimation based on the relative position of the polar star. The
magnetic compass invention, however, dates back to the 200 B.C. in China, where it

was used for divination. The magnetic compass has been adopted as navigation tool
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(2) (b)

Figure 1.2: Illustrative navigation tools: (a) Antikythera mechanism found in 1902 off
the coast of the Greek island Antikythera (=100 B.C.); (b) a modern version of the
sounding line, still used to determine the depth of the water.

in Asia starting form the 11th century.

In the 15th century, the increasing commercial activities all over the world pro-
vided a boost to navigation technique development. In particular, the Portuguese
navigators, in addition to the discovery of new lands (such as Azoreos, Cape Verde,
and Sierra Leone), introduced new instruments to support sailors to estimate more
and more accurately their positions over the sea. One of these tools is the Mariner’s
Astrolabe, an inclinometer used to determine the latitude by measuring the sun’s
altitude at midday and comparing it with pre-computed tables. The introduction of
these new tools supported some of the most famous navigators of all times, such as:
Infante Enrique, Vasco de Gama, Pedro Alvares Cabral, and, obviously, the italian
Christopher Columbus to navigate over longer paths with respect to their recent past.
This led to the discovery of the American continent (by Christopher Columbus in
1492) and the world circumnavigation (performed by Ferdinand Magellan in 1521).
These navigators likely achieved these historical results with just a compass, an as-

trolabe, and early nautical charts. This epoch is considered the begin of the modern
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Figure 1.3: Tratado de sphera, Pedro Nunes, 1521.

era for navigation. In 1537 Pedro Nunes published “Tratado da Sphera,” shown in
Figure 1.3, which represents the first mathematical approach to navigation. Basically,
he laid the basis for a new discipline, the “scientific navigation.” Another basic tool,
first mentioned in writings around the 1577, was the chip log, shown in Figure 1.4,
which is a line with knots placed at uniform intervals attached to a wooden plate.
Together with an instrument to measure the time, such as a Sand-glass or a clock, the
chip log enabled the ship speed estimation by measuring the number of knots coming
out from the reel over a certain period. The word knot, as measurement unit, comes

form this tool and is used to express the nautical speed of 1.1508 miles/hour.

Thanks to these new instruments, a new method still used in several “modern
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Figure 1.4: A chip log, also called ship log, used to estimate the speed oh the ship in

knots.

applications,” denoted as Dead Reckoning, has been invented. Dead reckoning con-
sists in the estimation of the position from the speed (measured through the chip
log) and the direction (measured through the astrolabe or the compass). The term
Dead Reckoning is, possibly, an alteration of the word Deduced Reckoning, referring
to a position deduced by the last known (or estimated) position. The last relevant
instrument discovered before the 19th century radio-based approaches, which have
revolutionized the navigation, have been the Sextant in 1757. This tool provided a
new method to estimate the lunar distance, enabling a more accurate estimation of the
longitude.

The methods introduced in this section have lead to the modern concept of navi-
gation. These methods, inherited by ancient navigators who explored the globe, still
survive in the current navigation tools which nowadays dominate the every day life. By
the end of the 19th century, the radio transmission discovery, first, and the computer
era, then, have taken navigation to the next level. The next sections point to all the
new methods which are currently used to locate a vehicle or a person everywhere in
the world.
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1.2 Radio-based Navigation

The transmission of radio signal through free space have been mathematically the-
orized for the first time from James Clark Maxwell in 1864: his equations, namely
the Maxwell’s equations, have sparked the understanding of this whole new world.
In 1886, Heinrich Rudolf Hertz demonstrated the existence of these waves in his
laboratory, triggering an extensive scientific research in this field. In 1894, Guglielmo
Marconi’s wireless telegraphy opened the door to radio transmission. In 1897, Mar-
coni established the first communication with a 20 km far ship, and in 1901 he sent
the first message across the Atlantic ocean.

In navigation and localization, radio transmission opened the route to a complete
new set of instruments [1, 2]. The first attempt to determine a position through radio
signals, was based on the use of Radio Beacons transmitting in Low Frequency (LF)
and Medium Frequency (MF) bands. Maritime radio beacons were non-directional
(as they were typically transmitted from isotropic antennas), and their directions were
computed from equipment aboard the ship. The evolution of these beacons led to
Radar Beacons, which are beacons transmitting in the Ultra High Frequency (UHF)
domain. Since then, the RAdio Detection And Ranging (Radar) has become a cutting
edge technology, developed simultaneously in many nations during World War I
and World War II [3]. The Radar was able to compute the direction between itself
and the target by rotating its antenna and looking at the orientation of the latter on
the basis of the received reflected signal. The distance from the target, instead, was
computed through the comparison between the signal reception epoch and the signal
sending epoch (measured through an oscilloscope). The distance was then computed

as follows:
co-t

d =
2

(1.1

where d is the estimated distance, ¢y is the speed of light (around 3 - 108 m/s), and 7 is
the time interval between signal transmission and reception instants. The first Radars,
given their complexity and sizes, were typically mounted on ground stations. For this
reasons the “friendly target” position had to be transmitted to the target itself through

a frequency band different from the one used for localization. The development of
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innovative Radar technology has led to the development of mobile Radars, suitable
to aircraft, ships and, nowadays, cars [4, 5, 6] and robots [7, 8]. Modern Radars
are equipped with antennas arrays or they exploit smart algorithms, making rotation
mechanisms not necessary. The new hardware led to more precise localization, with
the millimeter precision, which is necessary in application such as autonomous driving
or robot navigation. The new Radars, indeed, are used for several other purposes, such
as surface or obstruction detection, map matching and environment recognition, and

they do not longer require ground station as reference.

However, a Radar technology still represents a complex system to handle and
is not suitable to all navigation applications. Another radio-based approach suitable
to localize targets with size, cost, or power constraints — such as a pedestrian —
is the radio trilateration. This approach exploits the signals transmitted by multiple
base stations, placed in known positions, to triangulate the target position. In fact, the
powers of the signals received from the target can be used to estimate the distance
between a single base station and the target itself. If we assume an ideal transmission,
with no reflection or refraction, the distance can be estimated through the Friis formula

[9] as follows:

2:ﬂmmﬁ

" T TP any

(1.2)

where: r is the distance between the radio station and the target; A is the wavelength
of the radio signal; A; and A, are the transmitter and the receiver antenna gains,
respectively; P, is the transmit power; and P, is the received power. When the target
detects the signal from a single antenna, its coordinates could lay on a circumference
with center the base station coordinates and radius r as in Figure 1.5(a) (image
credit [10]). If the signals from two base stations are available, the possible target
coordinates are the intersection between the two circumferences estimated as shown
in Figure 1.5(b). Theoretically, by receiving the signal from three base stations one

can estimate uniquely the target position as in Figure 1.5(c). More precisely, the target
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Figure 1.5: Geometric approach to trilateration: (a) Single base station available.
The target could be on a circumference with center the base station and ray d. (b)
Two base station available. The target could be in the two intersections between
the circumferences. (c) Three base stations available. The target could be detected

uniquely.

coordinates can be estimated by solving the following system:
(x =21+ (v =y)* =ri

(x=x2)?+(-»)i=n (1.3)

(x-x32+(-y)=nr

where: (x, y) are the target coordinates; (x1, y1 ), (x2, ¥2), and (x3, y3) are the coordinates

of the three base stations; and r{, r», and r3 are the corresponding distances between the
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target and the base stations. Signal trilateration represents a basic method which has
been widely implemented in real applications. However, distance estimation remains a
challenging problem to solve, in particular for applications which need a high accuracy
and where the free space propagation assumption is not applicable. Moreover, the
anchors evolution, from radio beacons to modern cellular base stations and WiFi

access points, have lead to the development of innovative localization algorithms.

The Angle Of Arrival (AOA) approach [11, 12, 13], for example, estimates the
target position by measuring the angle of incidence of the received signal. It requires
additional hardware in order to estimate accurately the arrival angles with respect to
the different base stations. The Time Of Arrival (TOA) [14, 15, 16, 17, 18, 19], also
known ad Time Of Flight (TOF) method, estimates the target position by measuring
the time delay between transmission and reception epochs. The distance between the
target and the base stations can then be computed using equation (1.1) multiplied by
two, given that the delay refers to a single path between the station and the receiver.
Time Difference Of Arrival (TDOA) [20, 21, 22, 23, 24, 25, 26], which represents
an evolution of the previous methods, is based on the pairwise differences among
the arrival times at the base stations of the signal transmitted by the subject/object
which has to be tracked. This method requires very accurate synchronization between
the base stations, in order to compute the time difference without biases. A similar
approach which can be used if the target has to be in relative motion with respect to
the base station is the Frequency Difference Of Arrival (FDOA) [27, 28, 29]. FDOA is
based on the differences between the frequencies in the received signal caused by the
Doppler effect and is often used together with the TDOA to increase the localization

accuracy.

All the concepts introduced in this section can be applied to several navigation
systems based on different technologies. Subsection 1.2.1 and Subsection 1.2.2 pro-
vide overviews on the systems which are based on different technologies, namely:
satellite-based; WiFi-based; and Bluetooth Low Energy (BLE)-based.



1.2. Radio-based Navigation 15

1.2.1 Satellite-based Navigation

The first artificial satellite, the Sputnik 1, was launched by the Soviet Union on 4th
October 1957. The first satellite for localization purposes, Transit, was deployed from
the United States military in the 1960s. This first single satellite-based system was
exploiting the Doppler effect to estimate the frequency shift caused by the speed
difference between the satellite and the ground station. Multiple observation and
the knowledge about the satellite orbit was leading to a position estimation. The
straightforward evolution of Transit has been the Global Positioning System (GPS)
[30], deployed by the United States Department of Defense (USDOD) and completely
operational on 17th July 1995. GPS relies on a constellation of more than 24 satellites
which are placed over six circular orbits, approximately 20000 kilometers above the
ground. The idea is to provide a GPS ground receiver with the possibility to be in
Line Of Sight (LOS) with at least four satellites, which is the minimum number of
“satellite stations” which is needed to estimate the receiver three-dimensional position.
The GPS satellites and their orbits are shown in Figure 1.2.1.

In recent times, as reported in [31], Global Navigation Satellite Systems (GNSSs)
have also been adopted for multiple civilian applications, such as: airplanes localiza-
tion; automotive and naval applications; topography; localization-based data manage-
ment; safety-related applications (autonomous driving, save and rescue application,
etc.); and others. The European Commission reported that in 2001 the satellite-based
navigation market and all the related activities had a turnover of 15 billion Euros. Many
international organizations, together with private companies, are deploying their own
GNSSs in order to reach higher accuracies by adopting new generation technologies.
The new safety-critical applications have raised also concerns on the reliability, the
availability and the (localization information) consistency. The deployment of more
then four satellites leads to the performance improvement in all the aforementioned
fields.

The GNSS deployed by Russia, namely GLONASS [32], became operational
in February 2016. The next generation GLONASS constellation, based on newer
platforms, is planned to be launched after 2020. The satellites which compose this

constellation have an improved clock stability and a new control and command system.
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Figure 1.6: GPS satellites constellation: 24 satellites in 6 orbital planes, 4 satellites
each plane, 20.200 Km altitude, 55 deg inclination.

BeiDou is the chinese GNSS. The third generation is currently being deployed with the
goal to complete the 35 satellite constellation until 2020. The European GNSS, called
Galileo [33], became operational on December 2016. At the end of August 2018 the
Galileo constellation included 26 satellites in orbit, 17 of which fully operational.
Finally, two other GNSSs are QZSS [34] and NavIC [35], which are, respectively, a
four-satellite system for the Asia-Oceania region (operational since November 2018)
and a seven-satellite system covering the Indian region and its surroundings (expected
to be operational in 2019). More details about GNSS constellations can be found in
[36].

The GNSSs are based on improved versions of the algorithms introduced in the
previous sections (TOF, TDOA, FDOA, etc.), but the main idea behind all these
different systems is still based on the constellations capability to maintain the syn-

chronization between the anchors, namely the satellites, in order to estimate the ground
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receiver position by exploiting the timestamps transmitted by the satellites through

broadcast messages.

1.2.2 WiFi-, BLE-, and UWB-based Navigation

The technologies introduced in the previous sections are mainly suitable for outdoor
applications, owing to the dimension of the base stations or the propagation channel
characteristics. Other radio-based technologies are often adopted in indoor scenarios,
where (i) smaller devices can be deployed in order to provide an ad-hoc infrastructure
or (ii) devices already placed in the environment for different purposes (i.e., WiFi
Access Points (APs) used to implement a Wireless Local Area Network (WLAN))
can be exploited also for positioning purposes. In this section, an overview of the
three most adopted radio-technologies for indoor positioning currently available on

the market is provided.

* WiFi: nowadays WiFi infrastructures are present in almost all the public build-
ings to provide many services (i.e., in warehouses to provide network access
to operators and machines, in shopping malls to offer internet connection and
collect data from the customers, etc.). These infrastructures are composed by
APs usually wall-mounted or ceiling-mounted, with one or multiple routers
connected to local servers or to the internet. These APs can be exploited as
base stations in order to perform localization [37, 38]. There are three main
approaches which can be used in these scenarios [39]: (i) the use of Received
Signal Strength Indicators (RSSIs) for triangulation purposes;, (ii) fingerprint-
ing; and (iii) crowd-sourcing. “Classic approaches,” such as the TOF, AOA,
and TDOA, are difficult to implement over the commercial devices because
of limited synchronization among the APs and for the specific hardware re-
quirements. For this reason, one of the most used techniques is the RSSI-based
method, which relies on the trilateration of the radio signals at the target, by
adopting a statistical model which relates the distance from the AP to the RSSI
at the target position. An evolution of the RSSI-based localization is the fin-

gerprinting, which includes two phases. In the first phase, one must collect the
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Figure 1.7: Heat map representing the WiFi coverage in terms of maximum signal

level from every access point in each point.

RSSIs at each location in order to build a database which relates the signals’
strengths with a specific position. The result of this preliminary phase leads to
an heat map such as the one shown in Figure 1.7 introduced in [40]. During the
second phase, the target devices need to compare the real-time measured RSSI
with the map, in order to obtain the estimated position. By using commercial
devices, the fingerprint-based localization can provide meter-level accuracy, but
an accurate procedure is needed. The crown-sourcing method, instead, relies
on the users’ devices in order to collect real-time information related to the
WiFi signals [41, 42, 43]. This allows to exploit the localization information in
a “recursive way,” which means that the position estimation is provided to the
user and, at the same time, the user information enables the localization of the

next users.

Bluetooth Low Energy (BLE): bluetooth technology has been widely used in
commercial and industrial applications [44, 45], mainly for data transmission
and for monitoring. This has lead to a large diffusion of the bluetooth interfaces
in many platforms, such as smartphones and Internet of Things (IoT) devices.
Given that usually bluetooth anchors are not present in buildings, bluetooth bea-

cons have been specifically developed in order to be placed in known positions
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Figure 1.8: Examples of BLE beacons suitable for indoor positioning.

inside buildings to enable indoor localization. The BLE beacons, such as the
ones shown in Figure 1.8, represent an attractive approach to indoor localization
and navigation. The algorithms which can be applied in combination with this
technology are similar to the ones adopted for the WiFi technology. The very
basic information which they provide is the RSSI but, as for the WiFi APs, it is
possible to apply other advanced techniques [46, 47, 48, 49, 50, 51, 52].

* Ultra Wide Band (UWB): UWB is a radio technology which allows very
accurate positioning [53]. Its name comes from the characteristics of the radio
signal, which is based on high power short impulses with very large frequency
bandwidth. The first commercial devices based on UWB became available in
the early 90s. The application of this radio technology is limited to small areas,
due to the channel characteristics. This high bandwidth provides high data rate
for communication and it also allows applications in Non Line Of Sight (NLOS)
environments. An interesting application of UWB technology is localization.
Since this technology is not still diffused as WiFi or bluetooth, in order to
localize a target one needs to rely on a specific infrastructure composed of
anchors equipped with antennas and chips able to manage the short impulses.
Furthermore, the same hardware has to be installed on the target or carried by

the user.

The approaches which can be applied in UWB localization are mainly TDOA
[54, 55, 56], TOF [57, 58], Two Way Ranging (TWR) [59, 60] and AOA
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Figure 1.9: Ultra Wide Band (UWB) two way ranging: tat is Device A transmission
epoch; 1R is the Device B reception epoch; tg is the Device B retransmission epoch;
TAR is the Device A reception epoch; and (Tgr,7Rr) is the message, sent from Device
A to Device B, which represents the delay between reception and retransmission

instants in order to estimate the flight time.

[61, 62]. The TWR algorithm shows a fundamental advantage with respect to
the “classic” approaches which need the synchronization between the anchors.
In fact, in order to obtain the distance estimate between a anchor and a target,
an impulse is sent to the target which, in turn, sends back an impulse to the
anchor. By measuring the time between the sending instant and the receiving
one, and adding the delay due to the transmission, an anchor can estimate the
range with respect to the target. In [60] the two way ranging message exchange
shown in Figure 1.9 is considered.

1.2.3 Radio-based Navigation Limitations

All the radio-based localization technologies present issues related to both physical

constraints and hardware. An overview of these problems is reported in the following.

¢ NLOS: the radio transmissions needs a LOS between the transmitter and the

receiver in order to estimate accurately the distance between the two, for example
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by using the TOF approach. In the presence of obstacles in the channel, the
estimation accuracy decreases. In the presence of heavy obstructions, such as
irons or thick walls, the signals could be blocked, making the position estimate

unavailable.

* Infrastructure dependency: all the radio technologies are based on anchors
placed in known positions. In some case, these infrastructure have to be de-
ployed specifically for localization purposes. These preliminary setup could be

complex, such as for GNSSs.

* Signals multi-path: given the presence of surfaces between the base stations
and the target in almost every scenario, the receiver captures multiple signals,
namely the one which is traveling on a straight line between the transmitter
and the receiver and the ones reflected by the ground, walls, etc. This leads to

multi-path and, typically, to a signal’s traveled path overestimation.

¢ Costs: the infrastructures which have to be deployed could have high costs, in
particular for the ad-hoc systems such as UWB or GNSS.

1.3 Inertial Navigation

1.3.1 Principles

Inertial navigation is a dead reckoning navigation technique in which measurements
provided by accelerometers and gyroscopes are used to track the position and ori-
entation of an object relative to a known starting point, orientation and velocity. An
Inertial Measurement Unit (IMU) usually embeds a three-axial accelerometer and a
three-axial gyroscope, which measure the linear acceleration (i.e., the acceleration
along a specific axis) and the angular rate (i.e., the angular rotation rate around a
specific axis), respectively. By exploiting the signals collected from these sensors one
can compute the orientation and the position of the device equipped with the IMU.
The Inertial Navigation Systems (INSs) were firstly developed for rocket guidance

in the US, but in a short time they became popular thanks to the application in
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Figure 1.10: The Apollo IMU with the top removed. It embeds: three gimbals, a an

electronic platform, and the accelerometer and gyroscope package.

the aeronautical field. They have been adopted in the second world war in the V2
rockets guidance system, by combining two mono-axis gyroscope and a mono-axis
accelerometer in order to control the rocket attitude during the flight. The INS military
application, in particular in rocket science, have lead to a fast development of this
technology. In the early *60s they also became a fundamental technology for space
exploration, when NASA commissioned a preliminary study to the MIT laboratories
for the Apollo mission. In Figure 1.10 the IMU mounted on the Apollo mission
spacecraft is shown.

The IMU development has been carried forward by the next Space Shuttle mis-
sions for (i) maintaining the rocket balance during the lift-off and (ii) for the shuttle

guidance navigation and control system. The first commercial application based on
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INSs has been the aircrafts and ships guidance system. In fact, as can be seen from
Figure 1.10, the size of the early IMUs was enabling only application in which a stable
mechanical platform was available in order to fix the IMU. The recent evolution of
the IMU construction, largely based on the development of innovative Micro Electro
Mechanical Systems (MEMSs), have enabled the possibility to build small and light
INSs. This new manufacturing process have lead to the application of the inertial-
based systems in many other areas, such as human and animal motion capture, IoT
applications, medical applications, etc. An overview about inertial sensors is given in
Section 1.4.

In general, an INS can measure modification in its speed (i.e., detecting acceler-
ation or deceleration and the direction of these variations) and in its orientation (i.e.,
by applying an algorithm able to compute this information through the fusion of the
raw signals from the sensors). They are used to track different subject/object and their
cost highly depends on the application and on the accuracy needed for the specific
application.

The present thesis mainly investigates pedestrian inertial navigation systems, i.e.,
INSs specifically developed to track humans in Three-dimensional space in order to
provide localization and navigation information. Details about this specific application

are given in Subsection 1.5.

1.3.2 Inertial Navigation Pros and Cons

Inertial navigation represents a different approach with respect to the ones presented
above because it relies on measurement directly provided by the sensor, namely the

IMU. This leads to the following three main advantages:

¢ Infrastructure independent: by definition, inertial navigation is based on
inertial signals, which are exploited to compute the current position together
with the knowledge of the starting point. Therefore it is not necessary to deploy

APs, beacons, or other anchors in the environment.

* No external interferences: all the inertial signals, such as acceleration and
angular velocity, are directly collected by the IMU which is carried by the
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target/user and, because of that, there is no need for an of external signal
to compute the position. This means that external — intentional or not —
disturbances cannot be introduced in the measurement, making the position
estimation reliable even in challenging environments such as forests, mountains

Or war zones.

* Low cost: the early INS were based over large scale complex mechanical inertial
sensors. The MEMS technology has lead to the development of low cost sensors

which can be embedded in commercial devices, making the INSs cost-effective.

Nevertheless, an INS is affected by a fundamental error, namely the drift, which is
the error, introduced by multiple noise sources, which leads to a lack of accuracy in
the orientation and distance estimation. The drift is the greatest unsolved issue for
INSs and it represents the accumulation of microscopic errors in the accelerometer,
magnetometer, and gyroscope measurements, which gradually cause the INS position
estimation to become more and more inaccurate. A wrong angular velocity integration,
for instance, causes an overestimation or an underestimation of the angle actually
done by the IMU, which lead to a wrong orientation estimation and, consequently, to
a wrong position estimate. In order to tackle the drift, one could exploit an external
reliable information (e.g., a GPS estimation when available) to “reset” the position.
Unfortunately, this method cannot be applied in every scenario and, above all, it causes
the loss of one of the advantages of INSs, namely the infrastructure independence.
Therefore, the INS algorithms have to take into account this issue in order to minimize
its effect on the position and orientation estimations. Deeper insights on this errors
and on their causes are provided in Section 1.4.

Moreover, a further noise source for a INS is represented by the different users
characteristics. In other words, an inertial system which has to locate a person, highly
depends on the user itself (i.e., his height, leg length, walk pace, etc.), so it needs a per-
subject calibration. This leads to the identification of constants, such as the minimum
acceleration used to declare a stationary phase, or the angular rate magnitude used to
segment the gait. In this thesis, multiple INSs are introduced but, in order to provide

a fair comparison, all the calibration-dependent constants have been tuned on a single
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test subject.

Another noise source in INSs is represented by the incorrect sensors positioning,
that is the wrong placement of the IMUs on the user body. For instance, a foot-mounted
IMU-based INS requires that the sensor is placed as close as possible to the flat part of
the foot. If the sensor is placed on a different position, such as next to the ankle, the foot
stationary phases will not be correctly detected, leading to a wrong position estimate.
A similar problem afflicts the INSs which are based on waist-mounted sensors. If the
IMUs have to be mounted on the breastbone in order to exploit the body symmetry,
the sensor wrong positioning, far from the body frontal plane, causes an inaccurate

step detection.

1.4 Inertial Sensors

As introduced in Section 1.3, the MEMS technology has led to the miniaturization, the
cost reduction, and the accuracy increment of inertial sensors with respect to the first
inertial platforms adopted in ship and aircraft guidance systems. This has enabled the
application of this technology in many fields, such as in: military systems; biomedical
systems; in robotics; control systems; and sport performance monitoring. Inertial
sensors, as indicated from the word “inertial,” identify all the sensors which exploit
the inertia principle in order to measure a physical quantity. The inertia principle
refers to Newton’s First Law (also called Galileo’s Principle) which says that “An
object that is at rest will stay at rest unless a force acts upon it.” In the following,
the characteristics of accelerometers and gyroscopes are introduced. Moreover, an
overview about magnetometers (which is not an inertial sensor by definition) is
provided, given that usually a IMU also embeds this sensor in order to perform the

IMU global orientation with respect to the earth coordinate system.

1.4.1 Accelerometer

An accelerometer, despite its name, is not measuring an acceleration. It measures a
force per unit of mass. In other words, it measures the force that the accelerometer

generates to react to the gravity acceleration in addition to any other acceleration it
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Figure 1.11: Three different mechanical ways to measure the acceleration: (i) a piezo-

electric system, (ii) vibrating beams and (iii) a capacitive plate.

is subject to. In order to make the accelerometer operations more understandable,
one can imagine the force as applied to a proof mass m (dimension: [kg]) which is
free to move over one direction but is bounded to a spring. The acceleration a (in
SI dimension: [m/s/s]; in imperial system dimension: [g], where 1 g = 9.8 m/s/s) is

related to the force f (dimension: [N]) according with the following equation:

f =ma. (1.4)
Given this setup, the force can be measured according with the Hooke’s law

f=kd (1.5)

where d (dimension: [m]) represents the mass displacement and k (dimension: [N/m])
is a constant related to the spring physical characteristics.

As shown in Figure 1.11, there are many systems which can be applied to detect
the force on this mass. The transducer used in these accelerometers to measure the
mass displacement can be a piezoelectric resistance, a capacitive plate or a vibrating
beam under tension which changes its natural frequency if exposed to a force. There
are also the Hall-effect accelerometer, which exploits the Hall effect (i.e., when an
electrical current passes through a sample placed in a magnetic field, a potential

proportional to the current and to the magnetic field is developed across the material
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Figure 1.12: A MEMS accelerometer microscopic geometry.

in a direction perpendicular to both the current and to the magnetic field). Finally,
the MEMS accelerometer exploits different microelectronic fabrication techniques.
These techniques create mechanical sensing structures of microscopic size, typically
on silicon. When coupled with microelectronic circuits, MEMS sensors can be used
to measure physical parameters, such as acceleration. One possible MEMS building

geometry is shown in Figure 1.12.

1.4.2 Gyroscope

The physical quantity measured by a gyroscope is the angular rate. From an historical
point of view, in 20th century the first mechanical gyroscopes were including a
spinning wheel or disc suspended within at least three gimbals (i.e., supporting rings)
connected through joints placed orthogonally to each other. In this system, the gimbals,
which are nearly frictionless, isolate the spinning mass which tends to keep its attitude
according with the inertia principle. When an external torque is applied, the rotating
mass tries to maintain its orientation, so the gimbals adapt their configuration. This
allows the attitude estimation by measuring the inclination angles taken by the gimbals.
However, these gyroscopes have several disadvantages such as the need for expensive

moving parts with high accuracy and considerable size: this makes them unsuitable
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Figure 1.13: A MEMS gyroscope microscopic geometry.

for many applications. Moreover, the gimballed gyroscopes are subject to the gimbal
lock problem, namely the loss of one degree of freedom when two of the gimbals
are on the same line. Thanks to innovations in electronics and mechanical design,
new types of gyroscopes have been introduced in the market such as: (i) Ring Laser
Gyroscope (RLG); (ii), Fiber Optic Gyroscope (FOG); (iii) Hemispherical Resonator
Gyroscope (HRG); (iv) Gyrostat; (v) Magneto-Hydro-Dynamics (MHD) effect-based
gyroscope; and (vi) Dynamically Tuned Gyroscope (DTG). All these gyroscopes are
very reliable and accurate but, for this reason, their cost remains high.

As for MEMS accelerometers, MEMS gyroscopes guarantee a good trade-off
between accuracy, small size, energy efficiency and cost-effectiveness. These gyro-
scopes usually exploit a vibrating proof mass or the tuning fork principle. In both
these designs, a vibrating element is used to measure the Coriolis force. The idea is to
determine the angular velocity exploiting the physical principle for which a vibrating

element tends to maintain its (vibrating) status even when its supporting structure is
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rotating. The Coriolis apparent force f, is generated over the support structure and,
by measuring it, one can estimate the angular rate w (dimension: [rad/s]) according
with the following equation:

fe = 2m(w X V) (1.6)

where m is the proof mass (dimension: [kg]) and v is its velocity (dimension: [m/s]).
MEMS gyroscopes can be designed by adopting several microscopic geometries in
order to detect the Coriolis force. In Figure 1.13, one of these structures is shown as

an illustrative example.

1.4.3 Magnetometer

Figure 1.14: A MEMS magnetometer microscopic geometry.

A magnetometer or magnetic sensor is an instrument that measures a magnetic
field which can be generated by the earth (i.e., the magnetic north pole) or by a local
magnetic source, such as a ferromagnetic element or an electric circuit. The compass is

considered the first scalar magnetometer, as it indicates the magnetic source direction.
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The first magnetometer able to measure the magnetic field intensity (magnitude) was
invented by Carl Friedrich Gauss in 1833. Modern (three-axial) magnetometers are
able to measure both the intensity and the direction of the magnetic field, namely the
magnetic field vector. Magnetometers cannot be considered inertial sensors, since their
measurements depend on an external physical quantity. Nevertheless, they do not rely
on the inertia principle, are usually embedded in IMU to support orientation estimation
and, additionally, to return the rotation with respect to the global reference system.
Magnetometers are built with many different designs, such as (i) Spin-Exchange
Relaxation Free (SERF) atomic, (ii) Fluxgate, (iii) Proton precession magnetometers,
(iv) Hall effect, (v) Magnetoresistive magnetometers, (vi) Optical magnetometers,
and (vii) Superconducting Quantum Interference Device (SQUID) magnetometers.
Some of these can be classified as scalar (iii, vi), vectorial (i, ii, iv, v), and for both
scalar and vectorial sensing (vii).

Once again the MEMS technology have lead to the magnetometer diffusion in
commercial devices due to its cost-effectiveness and small size. A MEMS magne-
tometer exploits many physical effects to sense the magnetic field. Lorentz force-based
MEMS design is one of the most common ones: these magnetometers are based on the
effect produced by the Lorentz force, namely a combination of electric and magnetic
fields-induced force on a point charge. This sensors rely on the motion of the structure
due to the Lorentz force acting on the current-carrying conductor in the magnetic
field. The mechanical motion of the micro-structure is sensed electronically. The me-
chanical structure is often driven to its resonance in order to obtain the maximum
output signal. Piezoresistive and electrostatic transduction methods can be used in the
electronic detection. In Figure 1.14 (image from [63]), a Lorentz force-based MEMS

magnetometer is shown.

1.4.4 Errors

Actual MEMS accelerometers and gyroscopes cannot measure accelerations and
angular rates without error. One can define this error as the difference between the
output provided by the sensor and the real physical input (i.e., the force and/or the

rotation impressed on the sensor). It is possible to categorize the error origin in
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Figure 1.15: Errors introduces by bias and scale factor errors in the IO relationship.

stochastic and systematic. In this section, the principal errors in low cost IMUs
are investigated. The stochastic (or random) errors are due to non-predictable noise
which cannot be avoided ever with accurate calibration procedures. The noise in
MEMS sensors, such as in the major part of electronic circuits, is due to white noise.
In addition, flickering noise, also called pink noise, and Brownian noise (due to the
molecules which randomly collide with the proof mass) are present. Quantization
noise (i.e., the error caused by the truncation of the quantization residuals) is also a
source of error. These errors are usually taken into account in the stochastic model of
the sensor.

Systematic errors are caused by deterministic sources. It is possible to reduce
these errors by calibrating the sensor before the measurements. Similar sensors are
usually factory-calibrated once. These calibration procedures are made in the same
way over every MEMS IMU which belongs to a specific model. In order to obtain
a more accurate, but more expensive, IMU, it is possible to calibrate every sensor
by taking into account its specific deterministic noise. One of these noise is bias. It
is a constant quantity added to the output without a real physical cause and, for this
reason, it is called also zero-g offset in accelerometers and zero-rate in gyroscopes. In

Figure 1.15 is shown the bias effect on the input/output relationship. In Figure 1.15,
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the scale factor error (or sensitivity tolerance) is also shown: this is an error introduced
in the conversion between the sensor output (i.e., a voltage difference or a current) and
the physical input. This error can be produced by a physical misalignment between
the inertial triad, which means that the axes are not exactly orthogonal to each other
so that the acceleration/angular rate over one IMU axis is split over two MEMS sensor
axes. Another scale factor error error can be introduced by temperature variation. In
order to avoid this limitation, a temperature MEMS sensor is often included in the
IMUs to allow adaptation depending on the temperature changes. Furthermore, higher
order errors, such as non-linearities, are present in MEMS sensors, but they are not
usually taken into account in low-cost sensor models. These can be reduced during
the manufacturing phase by adopting specific strategies in order to make MEMS
components more stable.

Even if it is not a real inertial sensor, the magnetometer is subject to several noises.
The most challenging problem to deal with is the magnetic disturbance impressed on
the sensors by IMU ferromagnetic components and by external magnetic sources, such
as electronic circuits or metal structures. Long standing external magnetic sources
can be disruptive for magnetometers because they can magnetize part of the sensor,

causing an uncontrollable constant bias over the magnetic field sensing.

1.5 Pedestrian Inertial Navigation System (INS)

In recent times, an increasing interest about pedestrian INS has emerged, because of
the multiple applications of these systems. In particular, the modern life style leads
people to live in indoor environments most of the daytime [64]. The necessity to track
these users in indoor environments, together with the advent of innovative MEMS
sensors, have enabled a massive research in this field. A pedestrian INS includes a
IMU and a processing unit. It is designed to provide navigation information regardless
of the specific environment (i.e., indoor/outdoor scenarios, infrastructure availability,
map knowledge, etc.). A pedestrian INS is included in the strapdown INS category,
which means that the IMU is “strapped” to the user body without the necessity of

gimbals or other suspended platforms.
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Pedestrian Dead Reckoning (PDR) is a navigation technique which relies on
the classification of steps pattern to support navigation. According to [65], inertial
navigation systems for PDR include three main phases: (i) the orientation estimation;
(ii) step detection; and (iii) step length estimation. Various strategies can be applied
in each phase, according to the specific operational field, sensor characteristics, and
the IMU placement over the user body. A detailed description of these three phases is
provided in Subsection 1.5.1, Subsection 1.5.2, and Subsection 1.5.3.

1.5.1 Orientation Estimation

Orientation estimation through inertial signals represents a challenging task to per-
form. The idea is to fuse the information which comes from the acceleration, such as
the estimation of the gravity vector, with the angular velocity collected by the gyro-
scope, which can provide an information about the angle with respect to every axis.
Given that nowadays an IMU usually integrates a magnetometer, which measures the
magnetic field strength along every axis, it is also possible to estimate the magnetic
north direction and, thus, to translate the reference system from the sensor reference
system to the world reference system. An IMU which embeds a magnetometer is also
called Magnetic, Angular Rate, and Gravity (MARG). The algorithms which esti-
mate the IMU orientation are called Attitude and Heading Reference System (AHRS)
algorithms.

Several ways to perform orientation estimation have been proposed in the litera-
ture. The main problem behind this estimation is the trade-off between accuracy and
computational efficiency, due to portability needs and battery’s finite energy. Most
algorithms rely on Kalman filtering to implement sensor fusion [66, 67, 68]. The high
computational needs and the dependency on accurate sensor error models make this
approach hard to implement and barely suitable to different situations and different
types of sensors.

Another proposed solution is complementary filtering, an implementation of
which is presented in [69]. Complementary filters are based on the idea of removing
noise by using “complementary” Low Pass (LP) and High Pass (HP) filtering. Since

gyroscope-based orientation estimation has a good accuracy at high frequencies and
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accelerometer-based orientation estimation has a good accuracy at low frequencies,
by HP filtering the former and LP filtering the latter, one can remove noise from both
estimates and, afterwards, reconstruct the signal by fusing the two filtered estimates.

A good trade-off between computational complexity and accuracy is represented
by the gradient descent algorithm proposed in [70], which consists in minimizing
an error function representing the distance between (i) the orientation estimated
using magnetometer and accelerometer and (ii) the orientation estimated using a
gyroscope. Estimates from the two methods are related by a constant 8, which is
linked to the gyroscope error magnitude. The larger the gyroscope error, the higher
the weight assigned to the magnetometer/acceleration-based orientation estimate. At
the opposite, if the latter estimation is affected by higher error, 8 has to be reduced
to rely more on the gyroscope-based orientation estimate. This filter has been used
during the present research work to estimate the orientation collected through the

Shimmer sensor-based INS. More details will be given in Chapter 2.

1.5.2 Step Detection
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Figure 1.16: Single cycle walking gait, begin and ending at heel strike.

Gait segmentation, with identification of the various phases, is a fundamental part
of pedestrian navigation. By localizing the principal events of each gait cycle, one can
split a stride in its constituting phases. A normal walk is usually composed of by the
phases shown in Figure 1.16 (image from [71]). The principal instants which have to

be detected during a walk in order to perform inertial navigation are: Heel Strike (HS)
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(i.e., the moment in which the foot is touching the ground) and the Toe Off (TO) (i.e,
the instant in which the foot is detached from the ground). This segmentation leads
to the possibility of identifying, for the right and the left sides, the phase in which
the foot is steady on the ground as the interval between an HS and a TO, denoted as
“stance." Similarly, “swing" denotes the interval between the TO and the successive
HS and represents the time interval during which the foot is in the air.

When the sensor is foot-mounted, step detection algorithms allow the use of
fundamental drift-removal Zero velocity UPdaTe (ZUPT) techniques, based on the
principle that, when the foot is steady (namely, on the ground), the integration is not
necessary. Therefore, every time a stance is detected, integration stops and the velocity
value is set to zero, reducing the drift caused by the integration of noisy signals.

While ZUPT techniques are effective when the sensor is on the foot, when it is
differently placed (for example: on the chest, on the pelvis, or on the low back) ZUPT
techniques cannot be applied. Nevertheless, when the sensor is in these positions,
one can apply models which relate the inertial signals to the steps [72, 73]. A well
known approach introduced in [74] is based on the relationship between the vertical
accelerations and the HS and TO events. In particular, (local) minima and maxima of

the vertical acceleration correspond to TOs and HSs, respectively.

1.5.3 Step Length Estimation

A further phase involves the computation of the length of every step. Because of drift,
it is impossible to use a continuous integration. When the sensor is foot-mounted, the
use of ZUPT techniques [75, 76, 77] allows to carry out the integration separately step
by step, removing noise during stances and, thus, obtaining an accurate step length
estimate. The method proposed in [78] relies on the relation between step length, walk
frequency, and acceleration variance during one step. This method requires frequency
domain evaluation and continuous variance estimation, thus increasing the complexity
of the final algorithm.

When the MARG sensor is placed on the chest, the impossibility to use a direct
relationship between acceleration on horizontal plane and body displacement requires

the application of techniques different from ZUPT, such as those which use the vertical
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acceleration or vertical displacement as indicators of the horizontal movement. Two
possible approaches able to reconstruct efficiently the traveled distance, linking the
body movement in the vertical direction with the horizontal displacement, are the ones
introduced in [79] and [74] respectively. The first method is based on the “inverted
pendulum model” of gait, which exploits the relationship between trunk vertical

displacement and step length according with the following formula:
SL =2 kV2lh — h? (1.7)

where « is a subject-dependent calibration constant (adimensional), [ is the test subject
leg length (dimension: [m]), and 4 is the vertical displacement of the Center Of Mass
(COM) during one step (dimension: [m]).

The second method consists in taking advantage of the following relation from
the vertical trunk acceleration and the Step Length (SL) [74]:

SL=K V4az,max — Az, min (1.3)

where: a; max and a; min are the maximum and minimum vertical accelerations (di-
mension: [m/s?]) during a single step; and K is a subject-dependent calibration
constant (dimension: [m! /451/2]). The second method has a higher reliability than the
previous one. In fact, in the first method the calculations of the step length depend on
sensor displacement, obtained by integrating the vertical acceleration: this introduces
additional noise in long walking sessions. A comparison between these two methods
and other solutions, which adopt waist mounted IMU-based step length estimations,

is presented in [80].

1.5.4 Shimmer and Xsens IMUs

The algorithms introduced in the following chapters are based on real data collected

through IMUs. In this work, the following two sensor platforms have been adopted.

e Shimmer2r IMU: The Shimmer device [81, 82, 83, 84] used in this work, with
its coordinate reference system, is shown in Figure 1.17(a). It is a small and
low-power wireless IMU, equipped with: a TT MSP430 CPU (up to 8 MHz),



1.5. Pedestrian Inertial Navigation System (INS) 37

Z +X

-

& O

(a) (b)

Figure 1.17: IMU and their reference systems: (a) Shimmer2r IMU and (b) Xsens
MTw Awinda IMU.

with 10 KB RAM and 48 KB Flash memory; Bluetooth (Roving Networks
RN-42) and IEEE 802.15.4-compliant (TI CC2420) radios; an integrated (up to
2 GB) microSD card slot; 3 color status LEDs; a 450 mAh rechargeable Li-ion
battery; and a three-axial accelerometer (Freescale MMA7361). External sens-
ing modules can be connected, such as the 9DoF Kinematic Sensor expansion
module, which is equipped with a three-axial gyroscope (InvenSense 500 series)
and a three-axial magnetometer (Honeywell HMC5843). The device supports
various discrete sampling rates (up to 1024 Hz) and can be easily attached to
body segments through Velcro straps.

* Xsens MTw Awinda IMU: The Awinda IMU [85, 86] is shown in Fig-
ure 1.17(b). The MTw is a small (34.5 x 57.8 x 14.5 mm, W x L x H), light
(27g including the LiPo battery [battery = 9g]), highly accurate wireless iner-
tial and magnetic sensing unit with pressure measuring capabilities. The MTw
communicates with the PC using the unique Awinda radio protocol developed
by Xsens. The Awinda protocol guarantees very accurate (< 10 us difference)
time synchronization between multiple MTw’s comparable to the wired mea-
surement systems from Xsens. The embedded three-axial accelerometer has a

full scale equal to + 160 m/s/s, an internal sampling rate equal to 1800 Hz, and
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auser-ready sampling rate equal to 150 Hz. The three-axial gyroscope has a full
scale equal to = 1200 deg/s, an internal sampling rate equal to 1800 Hz, and a
user-ready sampling rate equal to 150 Hz. The three-axial magnetometer has a
full scale equal to + 1.5 Gauss, an internal sampling rate equal to 120 Hz, and
a user-ready sampling rate equal to 60 Hz. The barometer has a full scale in the
range 300-1100 mBar. The MTw Development Kit includes multiple MTw’s,
the Awinda Station, the Awinda USB Dongle, and click-in body straps, making

it suitable to measure human body motion and orientation.

1.5.5 Related Works

As mentioned above, progress in MEMS-based inertial sensors have enabled the
development of new motion analysis methods to accurately reconstruct a subject’s
movements in two or three-dimensional spaces, without the use of external infras-
tructures and with reasonable costs. The personal navigation research field has widely
benefited from this evolution.

The first attempts to develop INS based on MEMS sensors exploited foot’s move-
ment characteristics during the gait in order to limit the drift. In recent years, several
solutions based on foot-mounted sensors have been proposed [65, 87, 88]. By using
this particular sensor placement, it is possible to achieve an accurate gait segmentation
and to apply the ZUPT technique to reduce the drift. By using this method it is also
possible to increase the step length estimation accuracy, since the traveled distance
between a stance phase and the next one can be estimated through direct integration of
the de-drifted foot velocity. The main drawbacks of this algorithm are the fast orienta-
tion changes involved in the foot movement, which may introduce errors in the IMU’s
measurements. Moreover, sudden fluctuations may degrade the performance of orien-
tation filters, which usually fuse data from different sensors (namely, accelerometer,
gyroscope, and magnetometer) in order to compute reliable 3-dimensional orienta-
tions: this leads to error accumulation in the estimation of a pedestrian’s traveled path.
In [89], Jimenez et al. analyze different pedestrian navigation systems, highlighting
the advantages of sampling the heading angle, measured with a foot-mounted sensor

during the stance phase of gait, with respect to double integrating the acceleration to
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derive both step length and walking direction. Nevertheless, it is important to remark
that foot orientation is not always aligned with the subject’s movement direction.
The placement of a single IMU on the lower back, close to the COM of the
body, is a widely adopted approach to the design of pedestrian navigation systems.
In fact, in this position the sensor’s movements are highly dependent on the trunk’s
biomechanical characteristics and, therefore, are limited with respect to those acquired
by the foot-mounted sensor. During gait, the heading angle measured through trunk
positioned sensors (i.e., on the lower back, on the chest, on the pelvis, etc.) is smoother
and more representative of the actual movement direction [90]. The estimation of the
traveled path in navigation systems based on trunk-mounted sensors is achieved by
sampling the heading angle and updating the position by propagating the steps’ lengths
along the estimated walking direction [90, 91]. The main limitation of this class of
algorithms is the accuracy in step length estimation. Several approaches have been
investigated in order to correlate the signals measured from a trunk-mounted IMU
with the frontal displacement [74, 79, 92]. The absence of a zero velocity phase and the
poor results obtained by a direct integration techniques have lead to the development
of empirical formulae, which usually correlate the vertical acceleration/displacement

of the trunk with the frontal movement.






Chapter 2

Pedestrian INS: Single Sensor
Approach

A journey of a thousand miles begins with a single step.

-Lao Tzu

The main limitation of inertial navigation is represented by the inertial signals’
drift. As presented in Subsection 1.4.4, multiple noise sources introduce errors in
the estimated values, namely orientation and displacement, and, consequently, lead to
inaccurate results (i.e., a wrong user’s position estimation). For this reason, innovative
Inertial Navigation Systems (INSs) have to rely on algorithms able to obtain an
accurate position estimation, even from a single sensor, by exploiting the information
about the Inertial Measurement Unit (IMU) placement on the user body.

In this chapter, two novel algorithms for pedestrian navigation are presented.
They both use data collected by a single IMU and differ by the position in which the
IMU is placed. The first algorithm, denoted as Enhanced-Pedestrian Dead Reckoning
(EPDR), relies on a IMU placed on the foot, whereas with the second one, denoted
as De-Drifted Propagation (DDP), the IMU is placed on the chest. The aim of the
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overall approach is to exploit characteristic features of the collected inertial signals to
extrapolate navigation information such as heading, step length, gait phases, etc. The
research activity introduced in this chapter has been published in [93].

This chapter is organized as follows. Section 2.1 is dedicated to the description of
the proposed algorithms, namely DDP and EPDR. In Section 2.2, experimental setup
for both DDP and EPDR algorithms is presented, highlighting the characteristics of
the chosen scenarios. In Section 2.3, the performance results with the two algorithms

are directly compared. Finally, Section 2.4 provides conclusions.

2.1 Single Sensor-based Algorithms

Figure 2.1: Sensor position: (a) chest-mounted IMU (DDP) and (b) foot-mounted
IMU (EPDR).

As introduced in Section 1.5, a pedestrian INS relies on three main phases:
orientation estimation, step detection, and step length estimation. The algorithms
proposed in this chapter adopt the Madgwick et al. “Gradient descent algorithm”
[70] (see Subsection 1.5.1) for orientation estimation. In this Attitude and Heading

Reference System (AHRS) algorithm, there is a key parameter, denoted as 3, which
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relates the orientation estimations calculated with two methods, namely the one based
on accelerometer and magnetometer and the one based on the gyroscope. The larger
the gyroscope error, the higher the weight assigned to the magnetometer/acceleration-
based orientation estimate. At the opposite, if the latter estimation is affected by higher
error, (3 has to be reduced to rely more on the gyroscope-based orientation estimate.

Given that the two proposed navigation algorithms are based on signals collected
by the IMU placed in two different positions over the user body, namely on the chest
and on the foot, the chosen step detection and step length estimation strategies are
different. The EPDR algorithm adopt a Zero velocity UPdaTe (ZUPT) technique to
identify the steps and, together with the acceleration double integration, for the step
length estimation. The DDP algorithm, instead, relies on the vertical acceleration-
based Heel Strike (HS) and Toe Off (TO) events identification to detect the steps
and adopts the Weinberg algorithm (see Subsection 1.5.3) to perform the step length
estimation.

In this chapter, the following notation is used: k = 1,2, ... denotes the step or stride,
depending on the used algorithm (this will be clear in the following); i = 1,2,... is
the sample index of the inertial signal (the sampling frequency is 102.4 Hz, so that
each sample correspond to a time interval of approx (102.4)~! = 9.76 ms); a(i) =
(ax (i), ay(i), a;(i)) denotes the (vector) acceleration signal; w(i) = (wx (i), wy (i), w,(i))
denotes the angular velocity signal; and m(i) = (m.(i),my(i),m;(i)) denotes the

magnetic field signal.

2.1.1 De-Drifted Propagation (DDP)

This algorithm relies on a single chest-mounted sensor, whose placement is shown
in Figure 2.1 (a). In Figure 2.2, the block diagram of the DDP algorithm is shown.
When data transmitted through a Bluetooth connection are received on the laptop,
the AHRS algorithm computes the sensor’s orientation in the Earth (W) reference
frame, at every sample i, in terms of the quaternion g™ (i). After the quaternion has
been transformed into a rotation matrix RW)(i), by_multiplying RW™)(i) and a® (i)
(i.e., the raw acceleration in the sensor reference frame S), the raw acceleration

in the Earth frame, denoted as g(w)(i), can be computed. The linear acceleration
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Figure 2.2: Block diagram of the DDP algorithm.
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a,. (i) is thus obtained by subtracting the gravity acceleration g(w) = (0,0, g) from
a™™)(i). A Butterworth High Pass (HP) filter with a cut-off frequency of 0.1 Hz is
then applied to gglv)(i), obtaining gl'i(r])(i). At this point, step identification is carried
out by identifying all peaks and valleys in the a’i%)n (i). Considering the k-th step,
the sample corresponding to the local maximum, denoted as ir(rlfgx, is associated to a
HS, whereas the sample corresponding to the consecutive local minimum, denoted

(k)
as lmin’

identifies the contralateral TO event. The resulting classification is visible in
the upper plot of Figure 2.3. By applying Equation (1.8), the k-th step length SL; is
finally calculated. It is important to remark that this method is more accurate than
the one based on the inverse pendulum model of gait, which is less reliable in step

identification during navigation, especially during curves.

In the next step, according to Figure 2.2, the heading angle signal {A(i)} is
obtained by converting the quaternions (generated by AHRS) to Euler angles (i.e.,
heading, attitude, and bank). A step propagation algorithm, which consists in sampling
the heading angle during a stable orientation phase and propagating the position by a

segment of length equal to S Ly along the direction corresponding to the heading signal,
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is then used to estimate the traveled path. As shown in the lower plot of Figure 2.3,
{h(ir(rlfgx)} are the selected values of the heading angle signal corresponding to HS

instants, as this is the most identifiable gait phase event and is highly reproducible.

2.1.2 Enhanced-Pedestrian Dead Reckoning (E-PDR)

This algorithm relies on data collected from the foot-mounted sensor, as shown in
the configuration (b) in Figure 2.1. As shown in Figure 2.4, sensor data are processed

with the same AHRS method recalled in the previous subsection. In particular, the
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Figure 2.4: Block diagram of the EPDR algorithm.

sequence of orientation quaternion {g™)(i)} is first computed and, then, the linear
acceleration {gfi‘:)(i)} is derived. In order to apply the ZUPT technique, the following

signals are introduced:

(D) = yJwx(i + wy()? + w2

az(i) £ |ax,lin(i) + ay,lin(i) + az,lin(i)l

2.1

where: |w(7)| is the Euclidean module of the angular velocity and ay (i) is the absolute
value of the sum of the acceleration components. From these signals it is possible to
identify the central part of a stance phase:! in fact, both of them are approximately

equal to zero when the foot is stationary. In particular, the following indicator sequence

IThe central stance phase notation as been used to highlight that it has been considered only the
interval in which the foot is flat on the ground, discarding the initial and terminal part of a complete

stance phase.
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is defined:

1 if ay(i) < thy |w@)| <th
S - 2(0) < the, |0 < the o)
0 otherwise.

More specifically, y(i) = 1 when ay and |w| are below two proper thresholds,
denoted as th, and th,,, respectively. Additionally, a check on the duration of each
central stance phase is performed, identifying the first and the last samples. For each

central stance phase, these samples are denoted, respectively, as iga)rt and igl)d: the
)

corresponding time duration can be expressed as TV) = t(igl)d — t(igyy)- In order to

avoid considering spurious peaks, the central stance phases with durations shorter
than a proper threshold Ty, are rejected. If TY) < Ty, is discarded, than the indicator
()

to

sequence {y(i)} is updated setting to zero the corresponding samples (from i,

iglzj of the discarded j-th central stance phase). The chosen values of the considered
thresholds are: th,, = 50 rad/s; th, = 9 m/s%; and Tmin = 0.30 s, respectively. The
result of this stationary detection procedure is shown in the upper plot of Figure 2.5.
Considering only the swing phases, one can integrate the linear acceleration { gglv)(i)}

and obtain the linear velocity {v"V)(i)} by applying ZUPT.

At this point, the length of the k-th stride is calculated by integrating the velocity

{K(W)((,i)}) between the end of a still phase ig;)d and the beginning of the successive
j+1

ONE Igare

. The velocity is integrated only along the x and y coordinates, as only 2D

navigation is considered in this algorithm.

At this point, the propagation can be applied by sampling the heading angle signal
{h(i)} calculated from the sequence of quaternions { g(w)(i )}. The orientation is sam-
pled at the instant ig;, defined as the middle point of the time interval corresponding
to the j-th central stance phase (in other words, i), = (i&t’zn + iglzi) /2, rounded to
the nearest integer). The correspondence between central stance phase and h(igzl) is
shown in the lower plot of Figure 2.5. It is apparent that one can sample the heading

angle during the more stable portion of a stride.
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Figure 2.5: In the first plot, the signals ay and |w| signals and the corresponding
threshold th, and th, are shown. Data are normalized for clarity. Furthermore,
the signal y, corresponding to 1 during central stance phases and to O during non-
stationary phases, is visualized. In the second plot, the heading signal is shown,
highlighting step milestones (namely HS, TO, and central stance phase) localized

with stationary routine. In gray, a central stance phase is shown.

2.2 Experiments

Data are collected using, as IMU, a Shimmer 2r unit with 9 Degrees Of Freedom
(9DOF), composed by an accelerometer, a gyroscope, and a magnetometer. Hardware
technical specs are reported in Subsection 1.5.4. The chosen sampling frequencies are:
102.4 Hz for the accelerometer and the gyroscope; and 50 Hz for the magnetometer.
The collected inertial data are transmitted from the Shimmer sensor to a laptop
equipped with an Intel i7-6700HQ processor working at 2.6 GHz, 8 GB RAM (DDR3,
1600 MHz). The data are sent using a bluetooth connection and then processed with
Matlab® 2016a software.
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During still phases (i.e., when the body is not moving) a problem is represented
by wrong step identification. To avoid this problem, which especially occurs at the
beginning and at the end of the test period, we compare the energy of the accelerometer
signal with a properly selected threshold: if the signal energy is lower than the
threshold, then a still phase is considered and the step detection algorithm outlined in
Subsection 2.1.1 is inhibited.

The test paths have been chosen to be representative for inertial navigation. The
first scenario corresponds to an outdoor set up, expedient to investigate the impact of
step length estimation over a long walking path. The second scenario encompasses
the presence of tight and large curves and electromagnetic disturbances (typical of
indoor environments).

In order to evaluate the performance of the proposed DDP and EPDR algorithms,
they are tested on closed paths. This allows to use error metrics which are based on the
final position. For instance, given that the starting point should coincide with ending
point, one can measure the position error as the Euclidean distance between the first
(known) position and the second (estimated) one. By measuring the total traveled
distance, the precision of the navigation algorithms, in terms of the percentage of
the Euclidean distance of the end with respect to the total traveled distance, can
be determined. Finally, the orientation performance is evaluated by evaluating the
difference between the estimated orientation at the final point with that at the starting

point: this difference would be r rad in the absence of errors.

2.2.1 Outdoor Tests

For extensive walking experimental tests, the Olympic running track at the University
of Parma campus (Lat. 44°46’03.8”'N, Lng. 10°18’41.2”’E) is used in order to obtain
a precise ground truth. The track length is 400 m. Every test consists of a complete
track lap (returning to the starting point) and is performed with two Shimmer sensors
mounted simultaneously on the subject body, namely one on the chest and one on the
foot, in order to compare the DDP and EPDR algorithms exactly on the same path.
Several tasks have been performed: two representative test data (one per navigation

algorithm) are shown in Figure 2.6. It is possible to observe that both navigation
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start point

EPDR end point ‘
DDP end point

Figure 2.6: Comparison between EPDR and DDP performance in the outdoor scenario.

algorithms allow good path reconstruction.

From the results in Figure 2.6, in can be observed that, regardless of drift re-
moval technique, long curves and long travel length lead to error accumulation. The
foot-mounted sensor, in particular, due to its faster dynamics, is subject to stronger
orientation estimation error with respect to the chest-mounted sensor. The latter has
better performance on heading calculation, but step length still depends on the value

of K, which varies from subject to subject.

2.2.2 Indoor Tests

Indoor tests are conducted at ground floor of the Department of Information Engi-
neering of the University of Parma. The walking trajectory has been chosen to be
representative of inertial navigation specific issues: the path is a closed-loop track,
approximately 90 m long, with three sharp bends and four 90° curves. As for the
outdoor scenario, many tests have been performed wearing both sensors (one on the
foot and one on the chest) simultaneously. Three experimental sessions are shown
in Figure 2.7 (a) (DDP) and Figure 2.7 (b) (EPDR). The number of identified steps
in Figure 2.7 (a) is twice with respect to those in Figure 2.7 (b), because the DDP
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Figure 2.7: Estimated path trajectories, for three test sessions, in indoor environment:
(a) DDP algorithm (b) EPDR algorithm.
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Table 2.1: Performance with DDP in the indoor scenario.

# Test € on arrival [°] € on arrival [m] Distance [m] % € on distance
test 1 1.39 2.1 84.50 2.49
test 2 10.8 1.73 86.13 2.01
test 3 26.5 3.49 86.53 4.04
test 4 13.02 0.23 82.37 0.28
test 5 10.53 1.88 83.19 2.26

Table 2.2: Performance with EPDR in the indoor scenario.

# Test € on arrival [°] € on arrival [m] Distance [m] % € on distance
test 1 8.36 2.54 85.51 2.97
test 2 4.32 1.59 83.07 1.91
test 3 11.78 0.81 83.30 0.98
test 4 6.90 2.76 82.06 3.37
test 5 9.46 2.17 81.06 2.68

algorithm reveals instants at which every foot is on the ground, whereas EPDR, using
one foot-mounted sensor, can recognize only one foot dynamics. The higher sampling
frequency of the heading angle in the DDP algorithm allows to achieve better per-
formance than EPDR in tight curves, but may introduce noise on a straight path, as

discussed in the next subsection.

2.3 Results

In Table 2.1 and Table 2.2, the data collected in the experimental trials in the indoor
scenario are summarized. By comparing the two tables, it is possible to highlight
the main characteristics of the two solutions. Since several electromagnetic noise
sources are present, the DDP algorithm with the chest-mounted sensor is particularly
degraded. To limit this negative impact, a small value of § is chosen (in the AHRS
gradient descent algorithm) in order to give more weight to the gyroscope signal.
The DDP algorithm in based on sampling the heading signal at every step, with a
double frequency with respect to EPDR: for this reason, DDP is more subject to
spurious noise peaks. On the other hand, the lower heading sampling frequency of

EPDR causes a higher error on tight curves, where the orientation signal changes
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rapidly. Furthermore, a complex path, such as that shown in Figure 2.7, highlights
the intrinsic limit of inertial navigation methods: a single measurement error during
a step can propagate (during the entire test) and have a detrimental impact over the
overall performance.

Table 2.3 summarizes the results in the outdoor tests, focusing on drift and step
length estimation. The EPDR’s main strategy, based on the identification of stance
phases during walk, leads to an effectiveness of 100%, thanks to the double threshold
method (presented in Equation (2.2)) and spurious peaks’ control, which eliminates
false positives. DDP uses vertical acceleration to identify steps and, although this
method is more difficult to control, during along steady walk the estimation is correct
almost in 100% of the cases. Drift problems for pure inertial tracking still persist,
even after the application of drift removal techniques: as can be seen in Figure 2.6,
estimated curves are tighter than real ones. EPDR is affected by heading estimation
errors during long walking distance because of rapid foot dynamics and, orientation-
wise, has a worse performance. At the opposite, EPDR leads to a more accurate
estimation of the travelled distance, by direct acceleration measurement, than DDP, in
which processing depends on the constant K, which needs to be accurately calibrated
over long distances.

Finally, it is important to remark that the proposed DDP and EPDR algorithms
can be implemented in an online (i.e., real-time) version, with proper (limited) modi-

fication.

2.4 Conclusions

In this chapter, two novel algorithms, denoted as DDP and EPDR, for pedestrian
inertial navigation using a single IMU have been compared. EPDR uses data from a
sensor placed on the foot, whereas DDP relies on data from a chest-mounted sensor.
These algorithms have been developed by exploiting gait segmentation informations
provided by well known algorithms together with new approaches which have led to
good results according with the literature. Several experiments have been carried out in

outdoor and indoor environments, trying to encompass several navigation conditions.
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Table 2.3: Navigation performance for both navigation techniques in outdoor environ-

ment.
DDP
# Test € on arrival [°] € on arrival [m] Distance [m] % € on distance
test 1 6.07 4.08 392.33 1.04
test 2 0.71 6.14 396.54 1.54
test 3 17.41 12.6 382.45 3.29
EPDR
# Test € on arrival [°] € on arrival [m] Distance [m] % € on distance
test 1 22.77 5.18 405.71 1.27
test 2 17.23 5.49 384.90 1.42
test 3 17.20 6.51 343.76 1.82

These surveys have been carried out by collecting data through an IMU connected to
a laptop and by analyzing the data with ad-hoc algorithms developed in Matlab code.

In indoor scenarios, it has been observed that electromagnetic sources and, in gen-
eral, magnetic disturbances may affect significantly the magnetometer readings and,
thus, the global reference system estimation. Step recognition and heading sampling
represent key phases for correct path reconstruction. The EPDR algorithm has shown
good performance in gait segmentation tasks, but the drift cause significant errors
in the orientation estimation due to the sensor positioning (i.e., the foot is moving
with higher acceleration with respect to the user upper trunk). The DDP algorithm,
instead, is based on a stable IMU positioning, which lead to accurate heading estima-
tions. However, it relies on an empirical model to perform the step length estimation,
which lead to a drift incrementation over long path.

The obtained results shows that drift can be significantly limited and the achieved
performance on long navigation paths confirms the feasibility of a precise inertial

navigation system.



Chapter 3

Pedestrian INS: Multiple Sensors
Approach

If you’re walking down the right path and you’re willing to keep walking,

eventually you’ll make progress.

- Barack Obama

Inertial Navigation Systems (INSs) are often based on a single sensor, in order
to provide a easy-to-use system suitable for every user. However, some applications
require a higher level of robustness and, therefore, a multiple sensor-based INS is
worth considering.

In this chapter, an extensive investigation concerning the sensors’ integration and
fusion approaches is presented. This analysis leads to the development of a novel
navigation algorithm based on the data collected from multiple Inertial Measurement
Units (IMUs). These inertial sensors have been placed on the feet in order to exploit
the Zero velocity UPdaTe (ZUPT) technique to minimize the negative impact of the
drift. A barometric sensor placed in a backpack, has been integrated in order to provide

the vertical displacement estimation based on the barometric pressure. The horizontal
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displacement, evaluated by fusing the information from the IMUs, is later combined
with the altitude reference provided by the barometer. As a final prototypical outcome,
a hybrid inertial/barometric system able to reconstruct the three-dimensional position
of the person wearing the sensors (in both indoor and outdoor environments) has been
developed. The system introduced in this chapter has been tested during the IPIN
2016 Track 2 Competition, and published in [94].

This chapter is organized as follows. In Section 3.1, an overview on the adopted
hardware and the investigated configurations is provided. In Section 3.2, the algorithms
based on single/multiple sensors for 2D/3D navigation are presented. Section 3.3
discusses the experimental results obtained using the proposed navigation algorithm.

Finally, Section 3.4 provides concluding remarks.

3.1 System Overview

The proposed INS is composed by three basic hardware components: (i) the IMUs
attached to the feet through plastic fastenings, (ii) a Freakduino board integrating
the barometric sensor in the backpack, and (iii) a laptop, equipped with Mathworks
Matlab® and running the developed software for real-time navigation, carried by hand
by the test subject in order to monitor his/her position. The IMUs can be placed on the
feet according to different configurations. As shown in Figure 3.1, the investigation
with multiple IMUs is carried out using three different configurations: configurations 2
and 3, with two sensors, and configuration 4, with four sensors. Configuration 1,
shown in Figure 3.1(a), uses only one sensor and is similar to the one introduced
in Chapter 1, namely the Enhanced-Pedestrian Dead Reckoning (EPDR) system. It
is used as a benchmark to evaluate the improvements obtained by applying a sensor
fusion approach to multiple IMUs with respect to the single sensor-based system.
The inertial nodes communicate with the laptop via bluetooth connection, whereas
the Freakduino is connected to the usb port (i.e., through a cable). The pressure
data is transmitted via usb from the Arduino directly to the Matlab script. The board
placement has been chosen to maximize the sensor isolation to avoid high temperature

and pressure variations caused by environmental modifications during the walk (i.e.,
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(a) (b)

©) (d)

(e)

Figure 3.1: Sensors configurations: (a) configuration 1: one single IMU attached on
one foot; (b) configuration 2: two IMUs, one per foot; (c) configuration 3: two IMUs
attached on the same foot; (d) configuration 4: four IMUs, two on each foot; (e) a

Freakduino board with the BMP180 barometric sensor connected via I2C connection.
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passage from a room to the next, indoor-outdoor transfer, windy environment, etc.).

The proposed system uses, similarly to the INS introduced in Chapter 1, Shim-
mer 2r IMUs (see Subsection 1.5.4 for details). As mentioned above, the data collected
by the IMUs are sent to a laptop, through bluetooth connections, where the navigation
algorithm is implemented in real time using Mathworks Matlab®.

The barometer used in the proposed system is the BMP180 from Bosch Sensortech®
[95]. The sensor is mounted on a Sunfounder® module compatible with the Arduino
GPIO interface, as shown in Figure 3.1(e). A Freakduino board [96] is used to send
data, through the usb port, to the laptop. Using the Arduino Matlab toolbox, the
sensor data are read and integrated in the navigation algorithm. The chosen sampling
frequency for this sensor is 2 Hz: this low sampling rate is sufficient because of the
slow altitude variation during a normal walk. The minimum possible sampling period
is 25.5 ms using the “ultra-high resolution mode,” but it introduces errors during
quantization so it has not been adopted. The pressure data are synchronized with the
inertial ones using the timestamp provided by the laptop clock, and synchronizing it
with the IMUs clocks during the system startup phase. The drift between the sensors
clock and the laptop clock during a single data collection is considered negligible.

3.2 Multiple Sensor-based Algorithms

3.2.1 2D INS with a Single Inertial Sensor

First, a description about how each IMU data is processed singularly for navigation
purposes is provided—this applies directly to the single sensor configuration in Fig-
ure 3.1 (a). In the upper part of Figure 3.2, the block diagram of the single sensor-based
2D navigation algorithm is shown. The single sensor approach is based on the EPDR
algorithm introduced in the previous chapter. The basics of this algorithm are now
quickly recalled, highlighting the enhancements introduced in order to: (i) increase
the performance; (ii) make the proposed approach suitable for the integration with
other similar systems; and (iii) make it able to provide real-time estimates.

As for the EPDR approach introduced in Subsection 2.1.2, this algorithm adopts
the Madgwick Attitude and Heading Reference System (AHRS) method to estimate
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Figure 3.2: Block diagram of the 2D IMU-based navigation algorithm.

the orientation and, then, to compute the linear acceleration {gfi\;v)(i)}. A mentioned
above, the ZUPT technique is then applied by computing the signals introduced in
Equations (2.1) and generating the indicator sequence y(i), as in Equation (2.2). Then,
a check over the duration of each central stance phase is performed by identifying
the starting and the ending epoch per every step and by comparing it with a proper
threshold TV) = t(iglzj - t(i&’tzrt) < Tmin (see Subsection 2.1.2 for details). The chosen
values of the considered thresholds (optimized by trial) are: th,, = 50 rad/s; th, =
30 m/s%; and Tpyin = 0.30 s, respectively. Considering only the non stationary phase
of each foot (i.e., the gait phase in which a foot is moving), one can integrate the
linear acceleration {gﬁivnv)(i )} and obtain the linear velocity {v"V)(i)}. By applying the
ZUPT technique, which consists in setting to zero all the linear velocity values during
a detected stationary phase, the integration drift caused by noisy acceleration signals
can be consistently reduced. At this point, the length of every stride is calculated by
integrating the velocity {v‘W)(i)} between the end of a stationary phase igl)d and the
(+1)

beginning of the successive one i,

(i.e., a non stationary phase). The integration
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is performed only along the x and y coordinates in order to obtain the horizontal
displacement. This strategy differs with respect to the one proposed in the EPDR
algorithm which is based on the step propagation technique. This allows to obtain the
displacement directly from the linear acceleration avoiding the heading sampling. By
adopting this technique, it is possible to obtain the foot position as soon as it touches
the ground: this leads to an accuracy improvement and allows the real-time position
estimation. In addition, it supports the sensor fusion introduced in the following

subsections.

3.2.2 2D INS with Multiple Inertial Sensors

In order to combine the measurements from multiple IMUs to obtain a single path
estimation, a simple “averaging approach" is adopted. In particular, two initial scenar-
ios with two sensors are considered: (i) one sensor per foot; (ii) both sensors placed
on the same foot. The following derivations, carried out considering two sensors, can
be generalized to the case of multiple sensors.

In the first scenario, the average is carried out every time the right foot is stationary,
i.e., in correspondence to sample i such that y(i) = 1 for the inertial sensor placed
on the right foot. In particular, by defining the central stance instant for every sensor
in the j-th stride as ey = ig’e%, where footscript s € {1,2} refers to the sensor index

(namely, 1 is right and 2 is left), the average is computed as follows:

p, (e)+p, (e)
Px _ —l,x —2,x (31)
- 2
b (e)*p, (@)
where: p N and P, . are the positions (dimension per axis: [m]) estimated from

the single sensor s; and P and £y are the final position estimates (calculated in
correspondence to each right foot stance).

In the second scenario, both sensors are mounted on the same foot: therefore, in
this case the stationary events are simultaneously the same for the two sensors. For this
reason, it is sufficient to apply the average operation (3.1) when both sensors measure

a stationary event (i.e., y(i) = 1 for both) to obtain the average position (P, By).
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In the presence of four sensors, namely two per foot (i.e., configuration 4), the
inertial data from the two sensors placed on each foot are first fused with the averaging
approach above; then, the estimated paths from the two feet are integrated by using,
again, the same averaging approach.

The final average 2D position (Bx,fy) is then used, as current position, i.e, as
(1_7 LoP l,y) and (1_72’)(, 1_72,y) for the next local computations. Although this procedure
introduces little glitches on the paths estimated separately from the sensors, it also
allows to reduce the negative impact of noisy data collected by each IMU (.e.,
electromagnetic noise that can disturb one of the magnetometers, errors in stationary

phase detection due to irregular steps, etc.).

3.2.3 3D INS with Inertial Sensors and Barometer

Finally, the 3D position is estimated by fusing the 2D position with the estimated alti-
tude. The barometric sensor, taking into account the variation caused by the environ-
mental temperature, returns the pressure (dimension: [Pa]). The altitude (dimension:

[m]) is then estimated using the following formula [97]:

h = 44330 - (1 - (ﬂ)m) (3.2)

Mo

where: u is the measured pressure and (i is the estimated pressure at sea level. During
the system initialization, in order to avoid the error caused by the sensor’s resolution,
N samples are collected in order to identify the absolute altitude of the starting floor
(i.e., the floor where the system is turned on). The absolute altitude of the starting

floor is then computed as follows:

_ I hG)

h
0 N

(3.3)
Assuming that the geographical position is unknown, but the starting floor F and the
height of each floor F;, (dimension: [m]) are available, in order to correctly identify

the current floor F during navigation, the estimated altitude is then compared with
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the threshold n = F;, /2, thus leading to the following floor estimate:

F+1 h(i)—h0>F~Fh+77
F={F-1 h(i))—ho < F-Fn+7 (3.4
F else.

For example, if the floor height is F;, = 3 m, the floor threshold 7 is set to 1.5 m: if

the estimated altitude varies by more than 1.5 m, then a floor change is declared.
The barometer is not precise enough to detect the user height with respect to the

sea-level, but it can be used to accurately estimate a floor change. Further details on

commercial barometers accuracy are provided in [97].

3.3 Results

An extensive test campaign has been carried out to evaluate the system performance.
The obtained results show that during a normal walk both the 2D orientation of the
test subject and the floor changes can be correctly estimated. Noisy events, such as
electromagnetic disturbances and very rapid dynamics, can still introduce errors, but
the integration of multiple inertial sensors highly reduces these nuisances. This is
confirmed by the improvement brought by the use of multiple sensors (configura-
tions 2-4 in Figure 3.1) with respect to the case with a single sensor (configuration 1
in Figure 3.1).

In Figure 3.3, the estimated paths, associated with a walk of approximate length
equal to 300 m at the ground floor of the Departments of Engineering at the campus of
the University of Parma, are shown. The four sensors’ configurations in Figure 3.1 (a)-
(d) are considered. It can be observed that the fusion of the data coming from multiple
sensors allows to improve the performance with respect to the case with a single sensor
(configuration 1). In the presence of two sensors, configuration 3 (both sensors on
one foot) outperforms configuration 2 (one sensor per foot). Increasing the number of
sensors to four (considering configuration 4) further increases the estimation precision.

In Figure 3.4, a multi-floor estimated path is shown, with length approximately

equal to 115 m. This test has been carried out in the Building 2 of the Department of
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Configuration 4 (2+2)

Configuration 3 (0+2)
Configuration 2 (1+1)

Configuration 1 (04-1)

Figure 3.3: Path estimates based on the four different configurations introduced in
Section 3.1. The experimental data have been collected during a single walk for a fair

comparison.

Information Engineering: it starts from the ground floor, moves to the first floor, and
then returns to the starting point in the ground floor. The acquisition set-up is the same
as in the Figure 3.3, but in the presence of two floors. In order to evaluate the system
performance, a closed loop paths is chosen as shown in both Figure 3.3 and Figure 3.4
(i.e., the test subject returns exactly at the starting point at the end of the track).
The estimation error is computed as the absolute and relative difference between
the starting and the final points. The obtained results are shown in Table 3.1 for the
single floor path (Figure 3.3), and in Table 3.2 for the multi-floor path (Figure 3.4).
Although the results presented in Figure 3.3 and Figure 3.4 still show the existence of
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Figure 3.4: Estimated path in the Building 2 (highlighted in Figure 3.3) of the Depart-
ments of Engineering and Architecture of Parma. The dotted line represent the path on
the stairs. Four different configuration are shown: the green line is the configuration 1;
the blue line is the configuration 2; the red line is the configuration 3; and the black

line is the configuration 4.

a drift, they highlight the potential of multiple sensors’ integration to make personal
navigation feasible.

Finally, an outdoor track is considered, in order to use GPS data as a ground-truth
to evaluate the system performance. In Figure 3.5, a path with length approximately
equal to 500 m is shown. In can be observed that a slight drift affects the path estimated
by the inertial system. However, our inertial system guarantees a higher estimated
path resolution. More precisely, the inertial system estimates the position every time
a stationary phase (i.e., when a foot touches the ground) is detected, whereas the

GPS system collects a position estimate approximately every 10 sec. Moreover, the
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Table 3.1: Single floor path estimation (path length ~294.5 m).
Configuration Final X [m] Final Y [m] Relative error [%]
Configuration 1 32.86 -10.35 11.46
Configuration 2 16.39 -5.60 5.8
Configuration 3 14.67 -3.258 5.1
Configuration 4 7.18 0.61 24

Table 3.2: Multifloor performance (path length ~115 m).

Configuration Final X [m] Final Y [m] Relative error [%]
Configuration 1 -1.00 4.282 3.7
Configuration 2 -0.93 -1.45 1.72
Configuration 3 2.18 1.47 2.30
Configuration 4 0.89 0.16 0.78
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Figure 3.5: Outdoor test: GPS (solid) and inertial (dashed) estimated trajectories.
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commercial GPS systems have a precision (in terms of RMS error) of approximately

8 m, which can also justify the difference between the estimated paths in Figure 3.5.

3.4 Conclusions

In this chapter, a novel inertial navigation algorithm able to reconstruct the 3D move-
ment of a subject in both indoor and outdoor environments have been presented.
An INS, where 2D navigation is carried out with several IMUs and floor change is
estimated through a barometer, has been proposed.

An extensive analysis has been carried out to compare three different config-
urations with the single sensor configuration presented in the previous chapter, in
order to find the optimal strategy to fuse together the paths estimated by up to four
inertial sensors. The obtained results show that the positioning error, with respect to
the starting position of closed paths, is around 2% of the traveled distance for the
configuration with four IMUs, namely Configuration 4. It is important to remark that
the proposed system has been able to achieve this accuracy performance in real-time,
namely providing the position to the user during the walk.

With respect to the system presented in Chapter 2, the configuration which fuses
the data from 4 different IMUs leads to an accuracy improvement, but it introduces
challenges in the sensor integration. Moreover, the vertical displacement estimation
represents a key evolution which leads to a INS able to estimate the user position in a

real multi-floor indoor scenario.



Chapter 4

On the Impact of IMU Placement

To improve is to change;
to be perfect is to change often.
- Winston Churchill

The inertial sensing technologies are subject to different errors (e.g., drift, incor-
rect sensors’ positioning, per-subject calibration), which need to be reduced using
specific correction techniques in order to make the measurements as reliable as pos-
sible. Most of these error reduction strategies depend on the sensors’ positioning on
the subject’s body.

In the previous chapters, the impact of two specific Inertial Measurement Units
(IMUs)’ placements (namely, on the subject’s feet and on the chest) on the performance
of purely inertial navigation systems has been investigated. In this chapter, the main
focus is put the analysis of the strengths and weaknesses of the previously developed
solutions and propose novel hybrid methods, which combine data from IMUs placed
on different body segments to improve the accuracy and reliability of the overall
pedestrian navigation system.

The novelty of this research consists in combining the strengths of foot-mounted

and trunk-mounted IMU-based navigation techniques in order to better estimate the
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path traveled by the subject. The analysis carried out in order to prove the hybrid
approach effectiveness has been also presented in [98].

This chapter is organized as follows. In Section 4.1, an overview of the two
navigation systems, based on the use of a single sensor, is provided, together with
the definition of the experimental setup. In Section 4.2, the novel method based on
sensor fusion is analyzed, emphasizing strengths and weaknesses. In Section 4.3,
experimental results are presented, considering both indoor/outdoor scenarios and
estimating the computational costs of the proposed solutions. Finally, in Section 4.4

conclusions are drawn.

4.1 System Overview

The placements of IMUs on the feet (as shown in Figure 4.1a) or on the lower back,
close to the Center Of Mass (COM) (as shown in Figure 4.1b), are commonly adopted
strategies in order to exploit the biomechanical characteristics of the human body to
allow purely inertial navigation for pedestrians.

In Chapter 2, two different sensor placements, namely on the foot and on the chest,
have been analyzed in order to develop two Inertial Navigation Systems (INSs). These
systems rely on the signals collected through a single sensor. In Chapter 3, multiple
sensor-based estimates have been fused in order to increase the overall accuracy: in
this case, all the IMUs are placed on the foot. In this chapter, the last two phases of
these algorithms, namely step detection and step length estimation, are recalled. Then,
a innovative INS is developed by fusing the information from the IMUs, considering

the placement of the sensors on the foot and on the lower back.

4.1.1 Experimental Setup

In the previous chapters, the proposed navigation algorithms rely on the use of Shim-
mer IMUs. In this chapter, a MTw Awinda IMUs by Xsens is used (see Subsection 1.5.4
for details): in this case, the orientation estimation is directly computed on-board by

the Xsens IMU. The high accuracy of the Xsens orientation estimation (based on
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(b) Lower back mounted IMU

Figure 4.1: Sensor positions: (a) the IMUs are mounted under the shoe-laces, one per
foot; (b) the IMU is attached to a velcro band in the middle of the back, over the spine.

a proprietary undisclosed algorithm) allows to focus on the (subsequent) design of

inertial navigation algorithms.

The data stream generated by every IMU is transmitted to the USB Xsens Dongle,
which is connected to a hand-held laptop. The online system performance is monitored

trough a Matlab® application that collects and analyses the data in real-time.
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Figure 4.2: Block diagram of the EPDR algorithm for feet-mounted IMUs.

4.1.2 Foot-Mounted Sensor

By using the data collected by the sensor placed on the foot, as shown in Figure 4.1a,
it is possible to directly correlate the foot movement to the acceleration measured by
the IMU. The standard approach to estimate the foot displacement consists in double
integrating the linear acceleration — namely, the acceleration transformed from the
body frame to the global frame by rotating the reference system and removing the
gravity component. Mathematical details of this approach are presented in Subsec-
tion 2.1.2. In particular, the first step of this procedure consists in segmenting the gait

on the basis of the detection of the stationary phase of a stride using Equations (2.1).

The block diagram of the used Enhanced-Pedestrian Dead Reckoning (EPDR)
algorithm is shown in Figure 2.4 and includes all the three fundamental phases
recalled at the beginning of this section. This algorithm refers to one sensor but
can be applied separately to the case with sensors on both feet (with one IMU per
foot), as shown in the block diagram in Figure 4.2. While in the EPDR algorithm
introduced in Subsection 2.1.2 the orientation is estimated through the Madgwick
algorithm [70], in the current system the Xsens IMU can directly and accurately
estimate the linear acceleration. As shown in Figure 4.2, this allows to directly use the
Zero velocity UPdaTe (ZUPT) algorithm and segment the gait in its component phases
— in fact, the signals computed through Equations (2.1) are approximately equal to

zero when the foot is stationary. Thus, the ZUPT technique allows to identify the
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starting sample index iga)n and the ending sample index igl)d for the j-th central stance
phase (j = 1,2,...) by computing the control sequence introduced in Equation (2.2).
On the basis of the experimental analysis carried out in Chapter 2, proper values
of the thresholds adopted in this equation are: th,, = 50 rad/s; th, = 9 m/s?; and
Thin = 0.3 s, respectively.

Considering only the swing phases, one can integrate the linear acceleration
{gl(i\:)(i )} and obtain the linear velocity {vV)(i)} by applying ZUPT. Then, the length
of the k-th stride is calculated by integrating the velocity {vV)(i)} over the entire foot

trajectory in order to properly estimate the direction changes during the strides.

4.1.3 Lower Back-Mounted Sensor

When the sensor is placed on the trunk (lower back) of the test subject, it is very
challenging to reconstruct the displacement in the frontal plane directly integrating
the signal. For this reason, several approaches have been developed to correlate the dy-
namics of the COM with the displacement of the entire body. The algorithm introduced
in this thesis in Section 2.1.1, denoted as De-Drifted Propagation (DDP), estimates
the step length through the Weinberg model [74] and computes the traveled path by
sampling the heading in the instant corresponding to the trunk vertical acceleration
peaks. Its block diagram is shown in Figure 2.2. However, given the empirical nature
of this model and the subject-dependent calibration required to tune the associated
navigation algorithms, it introduces errors in the final estimated path. To avoid these
problems and obtain a more accurate step length estimation, in Section 4.2 a hybrid
approach which combines the accurate step length computed from the foot-mounted
sensors with the robust heading angle measured through the trunk-mounted sensor is
proposed.

4.2 Sensor Fusion

In the previous section, it has been shown that the two chosen sensors’ positioning
(namely, foot and COM) allows to design different algorithms which exploit the pe-

culiar motion dynamics of foot and trunk, respectively. In this section, the details of
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Figure 4.3: Walking human dynamic: heading angle.

a novel hybrid method, which exploits the advantages of both sensors’ positions, are
presented. In particular, we focus on the analysis of different approaches to sample
the heading angle and on the reconstruction of the traveled path using the step lengths
computed with the algorithms described in Section 4.1. Moreover, the body displace-
ment computed by the sensor on the back, due to the used empirical formulae, is not
so accurate because of the dependency on the test subject characteristics, as shown in
Chapter 2.

4.2.1 Heading Sampling

The first phase of sensor fusion involves the synchronization of data streams and
the selection of sampling instants. In particular, the latter operation is necessary
because the body, during a normal walk, moves by following the patterns illustrated
in Figure 4.3. This typical oscillatory behavior is captured by the heading angle
measured by the sensor on the lower back, as shown in Figure 4.4, which is directly
compared to the one computed from the foot-mounted sensor. It is possible to notice
that the foot orientation varies consistently (with fluctuations approximately 4 times
wider) with respect to the “specular estimate” computed from the sensor on the
lower back. By using, as a reference, the gait segmentation provided by the algorithm
relying on the foot-mounted sensors, the instants at which the body is aligned with
the walking direction can be identified by analyzing the heading angle of the trunk
mounted sensor, as shown in Figure 4.5. In particular, the middle swing instant

(namely, the instant between a stance phase and the corresponding contra-lateral one)
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Figure 4.4: Comparison between the heading angles measured through the foot sensor
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Figure 4.5: Heading estimated from the trunk-mounted (lower back) sensor compared

with the stance phases identified through the feet-mounted sensors.
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has been selected to sample the heading angle because, as evident from Figure 4.3 and
Figure 4.5, it corresponds to the instant at which the body very likely heads towards
the walking direction. Using the gait segmentation information obtained through the
EPDR algorithm, the middle swing instant and the corresponding heading sample (in

quaternions notation) are computed as follows:

(k) ()
t(i )+ t(i
(k d start (k
t(tl(nizj) = —en&r 5 sart? 4 t(ziné)

4.1

A . (W) .(k) Win .(k) Win

§(k) = median { ¢ (i) — F’t(lm'd) + 2R

N )
where: t(ir(fi)d) is the middle swing instant; t(iéﬁ()j) is the end stance time of the k-th

(z)

right step; #(i,,) is the start stance time of the z-th left step; median is the median
function, defined as the middle value in a sorted dataset (if the samples’ number is
even, the mean of the two central values in the dataset is used); ¢V are the quaternions
collected from the back sensor; (k) are the quaternions samI)led with the proposed
method for the k-th step; Win is the number of samples over which the median heading
is calculated, and Fj is the sampling frequency (dimension: [Hz]). In our experiment
setup, Win is set to 10 samples.

However, if the gait segmentation provided by the foot sensor is not available,
an alternative method for sampling the heading angle is proposed. It consists in
intersecting the heavily low-pass filtered version of the heading signal with its original
(unfiltered) version. By using this technique one can find the same middle swing point
as the central instant of the heading excursion, as shown in Figure 4.6.

The filter used to obtain the heavily filtered heading has to be a Finite Impulse
Response (IIR) filter, in order to perform a near real-time analysis. This type of filtering
introduces a fixed delay equal to M /2 samples, where M is the number of taps used
by the filter. In our case, a IR filter designed by using a least squares approach is used,
namely by minimizing the discrepancy between a specified arbitrary piecewise-linear
function and the filter’s magnitude response. The other parameters of the filter are (i)
the pass band frequency, set to 0.5 Hz, and (ii) the stop band frequency, set to 0.6 Hz.

The two proposed segmentation methods are developed in order to identify very

precisely the middle swing instant and, consequently, their accuracies have to be
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Figure 4.6: The heading provided by the lower back sensor is sampled according to
the second method. The intersections between the heading signal filtered through the
FIR filter and the original signal are shown as red triangles. For comparison, the same

procedure is carried out with an offline IIR filter and the intersections are shown as
black dots.
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comparable. In spite of that, these methods are not completely equivalent. In particular,
there are the following two main weaknesses that affect the second method (i.e, the
method which exploits the filtered heading to identify the correct sampling instants)
with respect to the gait segmentation based on the data collected from the feet-mounted

SENSors.

* Changes in the walking pattern (i.e., turnings, velocity changes, obstacle avoid-
ance, etc.) cause irregular heading variations: this leads to a misalignment
between the intersection of the two signals (filtered and unfiltered heading) and

the middle swing instant.

* The filter introduces a delay with respect to the sampling instant detection. In
fact, in order to obtain the signal shown in Figure 4.6, M has been set equal to
150 samples which, for a sampling rate F; = 100 Hz, corresponds to a delay
equal to M /2 - 1/F; = 750 ms. In order to perform a near real-time orientation
sampling, the system needs to initially store 750 ms of data and, then, by taking

into account the delay, to use the filter to obtain the correct sampling instant.

For comparison purposes, this technique has been tested with an Infinite Impulse
Response (IIR) filter, namely, a 6-th order low-pass Butterworth filter with cut-
off frequency equal to 0.5 Hz, applied offline to the entire unfiltered heading
signal. The resulting signal (red dashed line in Figure 4.6) is then compared
with the one obtained by the IIR filter, shifted backwards by M /2 samples
(corresponding to the filter delay). As can be seen in Figure 4.6, the IIR filter
and the IIR filter lead to a comparable performance with respect to the middle
swing instant identification: the average error, between the two heading angles
estimated by using the two filters, is equal to only 0.03 rad.

In conclusion, when the gait segmentation provided by the feet-mounted sensors is
available, its adoption has to be preferred. If the feet sensors’ segmentation information
is not available but the step length estimation is provided (e.g., an external step length
estimation system with no gait segmentation information is available), the second
method represents a good option. In general, the two methods show a substantial

correspondence between the two sampling instant estimates.
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4.2.2 Step Propagation

Once the orientation has been sampled, it is possible to reconstruct the traveled path
by propagating the measured frontal displacement (corresponding, in this case, to the
step length estimates provided by the foot-mounted sensors) in the direction indicated
by the sampled heading angle. In particular, the estimated path can be computed using
the following equations:
Y (k) =arctan 2(2(go(k)g3(k) + 41 (k)ga(k)), . ..
c 1 =2(g5(k) + g3(K)))

px(k) =cos((k)) * SLr + px(k — 1)

py(k) =sin(y(k)) # SLy + py(k — 1)
where: §(k) = go(k) + g1 (k)i + g2(k)j + g3(k)k is the lower back orientation sampled

4.2)

by applying one of the methods described in Subsection 4.2.1; {y/(k)} is the corre-
sponding heading angle; (p«(k), py(k)) is the estimated position at the k-th step; and
SLy is the length of the k-th step estimated through the feet sensors. The arctan2(x, y)
function allows to convert the orientation from quaternion notation to Euler notation,
in order to obtain the heading in the [—x, 7] range. Once the heading angle is com-
puted, though the trigonometric formula in Equation (4.2) is it possible to estimate
the displacement along the x and the y axes.

4.3 Results

In order to estimate the system performance, outdoor and indoor scenarios are consid-
ered. In each case, a reference path is selected. By introducing checkpoints along the
chosen paths, one can evaluate the position estimation error of the proposed naviga-
tion algorithm as a function of the traveled distance. More precisely, the position error
has been evaluated, in terms of both absolute error €4 (dimension: [m]) and relative
error € (adimensional: [%]) with respect to the actual traveled path. In the following,
the average (absolute and relative) errors between the estimates obtained by applying
the EPDR algorithm to the right and the left foot are shown. The obtained results are

presented by distinguishing between outdoor and indoor scenarios.
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4.3.1 Outdoor Scenario

The outdoor experimental evaluation has been carried out on the athletic track of
the campus of the University of Parma, Italy. As shown in Figure 4.7, the path is
composed by 2 large and smooth curves and 2 straight lines. The reconstructed paths
obtained by applying the EPDR algorithm on both feet, the DDP method, and the
Hybrid approach (using the two proposed methods for sampling the heading angle)
are shown. The absolute and relative estimation errors for each method are presented

in Table 4.1. The orientation computed from the lower back sensor is more stable

Table 4.1: Performance, in terms of absolute and relative errors, of the considered

algorithms in the outdoor scenarios.

Foot IMU PDR Hybrid system Lower back sensor
(EPDR) (1st & 2nd methods) (DDP)
Distance [m] | €“[m] ¢ [%] | € [m] € [%] | et[m] € [%]
84.4 1.5 1.8 04 0.47 1.2 1.42
200 5.2 2.6 33 1.65 6.9 3.45
284.4 7.3 2.6 4.7 1.65 8.4 2.95
400 12.9 3.23 7.6 1.9 2.7 0.67

and allows to obtain a better performance than that obtained with the feet-mounted
sensors. This is due to the fact that feet are subject to rapid orientation changes, even
in a smooth track, and this leads to errors in the heading estimation. This performance
is intuitively expected from the heading behavior shown in Figure 4.4.

The following considerations can be carried out.

* By looking at the performance in Table 4.1, it is possible to notice that the
results obtained with the EPDR are less accurate (i.e., with higher error) than
those estimated by the hybrid system (both methods, 1 and 2 have the same
performance), although the same step length is used. As a consequence, during

the first part of the track the two systems present comparable values of the
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Figure 4.7: Comparison between the paths estimated by: (i) the EPDR algorithm
applied on the right (yellow line with circles) and the left (purple line with triangles)
feet; (ii) the DDP method based on a single lower back sensor (green line with crosses);
(iii) the 1st hybrid algorithm, which samples the lower back heading through the mid
swing method (blue line with stars) and the 2nd hybrid algorithm, which samples the
lower back heading by using the intersection between filtered and unfiltered heading

signal (red line with squares).
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Table 4.2: Performance, in terms of absolute and relative errors, of the considered

algorithms in the indoor scenarios.

Foot IMU PDR Hybrid system
(EPDR) (1st & 2nd methods)
Distance [m] € [m] € [%] € [m] € [%]

36 0.6 1.7 1.1 3.1
54 1.2 2.2 1.7 3.1
81 1.7 2.1 2.5 3.2
93 1.9 2.0 33 3.5
105 2.7 2.5 3.9 3.7

error €. However, over a longer path, the estimate obtained using the lower back

sensor orientation outperforms the one based on the EPDR system.

The DDP system achieves very good performance in terms of orientation esti-
mation (the final point is very close to the actual one and the general “estimated
shape” is correct) but, due to the empirical formulae used for the step length
calculation, it underestimates the actually traveled path and is outperformed
by the hybrid system, which relies on the more accurate step length estimates
given by the EPDR algorithm.

Finally, from Figure 4.7 one can observe the correspondence between the two
proposed heading sampling methods for the hybrid algorithm. Without loss of
generality, in the following only performance results obtained with the EPDR
method and the hybrid algorithm with the first heading sample technique are

presented.

4.3.2 Indoor Scenario

In indoor environments, the step propagation technique generally used for path esti-

mation with trunk mounted IMUs is less accurate than for outdoor path estimation,
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Figure 4.8: Comparison, in the indoor environment, between the path estimated by the
EPDR (red dashed line for the left foot and green solid line for the right foot) and the
hybrid (blue dashed-dotted line) systems. In the bottom of the figure, a detail of the
reconstructed path which shows the impact of the step propagation on the measured

error has been highlighted.

as already shown in Chapter 3. In particular, as can be seen from Figure 4.8, the
sharp curves typical of indoor paths lead to the introduction of trajectory errors.
These problems are caused by straight line propagation (i.e., step propagation) over
multiple curves (long paths) and may lead to a relevant error accumulation. These
problems also emerge from Table 4.2, in which the performance of the EPDR systems

are slightly better than the one achieved by the hybrid system 1st method. This error
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Figure 4.9: Relative error €”, as a function of the traveled distance, for the considered

algorithms in both indoor and outdoor scenarios.

affects not only our hybrid approach but, more generally, all the techniques in which

the orientation is first computed and, then, the step displacement is propagated.

4.3.3 Relative Error Comparison

In Figure 4.9, the relative error €” between the estimated path length and the true
path length is shown as a function of the distance, considering the EPDR and the
hybrid systems in both indoor and outdoor scenarios. From the results in this figure, it
appears clear that in the indoor scenario the relative error increases more rapidly for
both navigation systems, due to the error introduced by the sharp curves. Moreover, it
is possible to notice that the EPDR system’s estimated trajectory is more accurate than
that of the hybrid system, in which the step propagation introduces smaller errors at
every orientation change. The relative error in the outdoor scenario, instead, increases
less rapidly and, due to the smooth changes in the heading angle, the hybrid system

is more effective. In particular, the hybrid system reaches a very accurate estimation
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Table 4.3: Computational cost organized per task (dimension: [ms]). These times refer
to the processing load associated with a new step, which, on average, is detected every
600 ms.

(A)3IMUs  (B)2IMUs

4 sub-cycles 4 sub-cycles

©) D) (ED) (E2) )

4.4 7.4 16.2 0.4 0.46 1.3 0.05

with a final error €” equal to 1.9% of the length of the total traveled path.

4.3.4 Computational Costs

The proposed algorithms have been tested with a laptop equipped with an Intel i7-
6700HQ processor working at 2.6 GHz, 8 GB RAM (DDR3, 1600 MHz) running
Matlab® 2017a. In order to clarify the algorithm steps, a block diagram of the Matlab
code is shown in Figure 4.10. In particular, the algorithm is composed by the following

main steps.

* Controlled delay: this block calculates the time spent in the previous cycle,
in order to keep the delay between a data acquisition and the next one almost
constant and equal to approximately 300 ms. By default, the time delay intro-
duced by this block is equal to 270 ms (as, on average, the previous cycle lasts
around 30 ms). If the previous cycle has lasted longer than usual (i.e., a step is

detected), the time delay is consequently reduced.

* Data acquisition (A): given that the Xsens system adopts an event-based
approach to transmit every single data and taking into account that the navigation
algorithm cannot perform a cycle every data packet, a custom library able to
collect the data in a buffer has been implemented. Every sensor transmits the
inertial data to a specified buffer. This part of the algorithm reads the data from
these buffers and resets them.

* Single sensor gait segmentation (B): in this step, the foot phase (i.e., swing



Chapter 4. On the Impact of IMU Placement

FEET MOUNTED SENSOR

NAVIGATION

| > Controlled |
—>
| delay |

| \ 2 |

SENSOR FUSION

| Data |
acquisition

T |
| Single sensor ||
| gait segmentation |

Step
detected

v

segmentation

ZUPT (C)

Bi-lateral gait (D)

Sampling instant
detection

(E)

v

Step propagation | (F)

A\ 4

|

Figure 4.10: Flow diagram of the hybrid system operational steps.
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or stride) is analysed. If a stance phase is detected, the ZUPT algorithm is
performed; otherwise, the foot is still in a swing phase and the algorithm

returns at the acquisition step.

e ZUPT (C): in this block, the ZUPT algorithm is applied. The drift is removed
from the measurements and the stride length is estimated. At this level, the data

from every sensor are processed separately.

* Bi-lateral gait segmentation (D): in this block, the complete (bi-lateral) gait
is analysed and segmented. The step length is computed by exploiting the two
gait segmentation (i.e., the gait segmentations performed separately from the

two feet sensors) and stride length estimations.

» Sampling instant detection (E): in this phase, one of the two methods presented
in Section 4.2.1 is implemented. E1 refers to the sampling method based on the
information provided by the foot sensors (method 1) and notation E2 refers to
the method based on the intersection between the filtered and unfiltered versions
of the heading angle (method 2).

» Step propagation (F): in this final phase, the step lengths estimated through
the feet-mounted sensors and the heading signal from the lower back sensor

sampled in the previous phase are fused in order to perform navigation.

The time necessary to perform every phase of the algorithm on the used laptop
is presented in Table 4.3. It is important to highlight that because of the Controlled
delay function, the number of acquired samples per sub-cycle is about 30: therefore,
the procedures (A) and (B) are computed with this number of samples per sub-cycle.
The subsequent tasks, instead, are computed every time a stride is detected. By using
several acquisitions with a normal walking pace, a stride event has been measured,
on average, every 1.2 sec: this corresponds, for a sampling rate equal to 100 Hz, to a
number of samples per stride equal (in terms of average value + standard deviation)
to 121 + 13. In Table 4.3, it is shown the computational time necessary to update the
position, namely the time needed to process a double stride (i.e., a stride per foot), in

order to perform the bi-lateral gait segmentation. More precisely: task (A) is executed
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4 times per sensor every position update; task (B) is executed 4 times only for the
feet-mounted sensors; whereas tasks (C), (D), (E), and (F) are performed once per
position update. Given that the average stride duration is 1.2 sec, a position update is
performed every step, i.e., on average, every 600 ms.

In conclusion, the total time necessary to perform a position update every 600 ms
by the hybrid system (with the 1st heading segmentation method) is 28.91 ms: this

definitely allows a real time implementation of our approach.

4.4 Conclusions

In this chapter, two different INSs have been compared with the aim of investigating
the strengths and weaknesses of various IMU placements in terms of “quality” of
inertial navigation. The obtained results show that the orientation collected from a
sensor placed near the COM, on the lower back, guarantees a more stable behavior
with respect to the orientation obtained from a sensor placed on the foot. On the
other hand, step length estimation is more effective when the sensor is placed on the
foot, due to direct double integration and ZUPT: at the opposite, navigation systems
relying exclusively on a single sensor mounted on the trunk use empirical formulae
to estimate the frontal body displacement.

A novel hybrid method which exploits the advantages of the two sensor place-
ments and achieves better or comparable performance in both outdoor and indoor
environments has been developed. The main limitation of the trunk-mounted IMU-
based method consists of the error introduced by the step propagation technique in the
presence of sharp curves. The obtained results should be taken into account during
the development of inertial navigation algorithms, in particular in the development of

navigation algorithms with trunk-mounted and/or hand-held sensors.
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Smartphone-based INS

Anything can change,
because the smartphone revolution is still in the early stages.

- Tim Cook

Inertial Navigation Systems (INSs) are suitable for many application in multiple
scenarios due to their independence from external infrastructure. However, an “ad-
hoc” INS needs at least an on-body placed Inertial Measurement Unit (IMU). This
highly limits the INS diffusion. Nowadays, the massive spread of Micro Electro
Mechanical System (MEMS) IMU in commercial devices enables the possibility to
develop user-friendly applications over these ones. In particular modern smartphones
integrate multiple technologies and, more and more often, IMUs with acceptable
performance. This leads to a high interest over smartphone-based INSs. The main
issue with these systems is represented by the holding mode: in fact, users usually
hold the smartphone in ways often unrelated to the body displacement.

In this chapter, a novel approach for pedestrian navigation based on inertial data
collected from hand-held smartphones is proposed. In Section 5.1, an overview on
the chosen software and hardware tools is given; then, an in-depth description of the

features of the Android operating system which the proposed algorithm is based on



88 Chapter 5. Smartphone-based INS

is provided. In Section 5.2, innovative strategies to perform smartphone-based step
detection and step length estimation are introduced. In Section 5.3, the system perfor-
mance, considering multiple hardware platforms and different experimental set-ups,
is evaluated. The details of the developed Matlab® scripts and custom-built Android
application are also presented. Finally, in Section 5.4 conclusions are drawn. The
algorithms and the prototype system described in this chapter have been introduced
in [99].

5.1 System Overview

A smartphone-based INS will enable the possibility to bring inertial-based localiza-
tion in commercial scenarios. In order to obtain a system which is effective in real
applications, it is necessary to provide a multi-platform application based on a com-
mercial Operating System (OS). In this chapter, the experimental setup adopted in this
project, which is based on commercial Android smartphones, is presented. As every
OS, Android acts as interface between the hardware and the developers through APIs.
Therefore, the overview in the current chapter also focuses on the physical/emulated
sensors, the Software Development Kit (SDK) and the available APIs.

5.1.1 Hardware and Software

Data are collected using three different smartphones, in order to verify the effectiveness
of our algorithm over different hardware platforms. The chosen smartphones are (i)
a Samsung S7, (ii) a Nokia 6, and (iii) a OnePlus 5T. The smartphones technical
specifications are shown in Table 5.1. The offline algorithm and, then, the performance
evaluation have been carried out with Matlab® by using the inertial data stored in
different CSV files in the internal memory of the smartphones, using a third-party
application (HyperIMU, [100]) for data collection. The real-time algorithm evaluation,
instead, has been performed through an ad-hoc application developed in Android
Studio, which has been installed over the three smartphones. The application details

are illustrated in Subsection 5.3.2
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Table 5.1: Considered Android smartphones.

Android Sensor
Producer Model Accelerometer

version manufacturer
Samsung S7 Nogaut 7.0 K6DS3TR STM
Nokia 6 Oreo 8.0 BMA2X?2 BOSCH
OnePlus 5T Oreo 8.0 BMI160 BOSCH

5.1.2 Smartphone Holding Mode

Straightforward approaches to perform smartphone-based inertial navigation usually
involve a mode recognition phase, which has to be performed before starting the
step detection procedure, in order to tune the algorithm according to the specific
smartphone positioning. Our approach is mode-independent, which means that the
only assumption is that the smartphone is placed in the upper part of the body (i.e.,
in the user’s hand in texting/navigation mode or next to the head on phoning mode).
The proposed algorithm, in fact, is based on the upper body acceleration dynamics:
in particular, it compares the vertical acceleration and the acceleration magnitude to
perform step detection. The vertical acceleration is computed online and refers to
the world frame coordinates, enabling step detection independently from the current
smartphone orientation.

In order to check the system accuracy through experimental tests, two main
smartphone holding modes have been chosen. These are usually involved in the normal
walk: the texting/navigation mode and the phoning mode, as shown in Figure 5.1. It
is important to remark that there is no difference, in terms of system performance,

between the cases where the smartphone is held with the right or the left hand.

5.1.3 Android Sensors APIs

The algorithms described in the following rely on data collected from Android smart-
phones. The Android operating system provides a set of APIs for managing, inde-

pendently from the hardware, the raw data streams from the smartphone sensors. The
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(a) (b)

Figure 5.1: The smartphone holding mode tested in this thesis. Mode (a): the smart-
phone is held in front of the user with one hand, allowing the direct control of the
current estimated path. Mode (b): the smartphone is held as in a normal phone call,

with the smartphone close to the user’s ear.
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complete APIs documentation can be found at the Android developer website [101].
The mechanism used to obtain data from the sensors consists in creating and acti-
vating a listener (i.e., SensorManager.registerListener) over the required
sensors, which throws a callback every time the data are available. It is important to
remark that a sensor, in this context, could be both an actual physical sensor or an
emulated one, which means that the Android operating system retrieves the data from
the hardware components whenever available or derives some measurements com-
bining data from the available physical sensors (e.g., by combining the acceleration,
the angular velocity, and the magnetic field it is possible to obtain the orientation
as if it had been measured from a hardware orientation sensor). However, the list of
available sensors depends on the specific smartphone, i.e., different smartphones may
likely embed different sensors. Therefore, in order to enable the listener over a specific

sensor, it is necessary to call the following function:

SensorManager.registerListener (this,
SensorManager.getDefaultSensor (SENS_TYPE),
SAMPLE_RATE) ;

where: SensorManager is the object which manages the sensor in Android;
SENS_TYPE is the sensor type identification code; and SAMPLE_RATE is the sam-
pling rate characterized as fastest, normal, game (i.e., rate suitable for games), and ui
(i.e., suitable for the user interface).

In order to perform an effective purely inertial navigation, one needs to know the
orientation with respect to the geomagnetic north: this is provided by the magnetic sen-
sor (i.e., Sensor.TYPE_MAGNETIC_FIELD) in terms of magnetic field intensity
(dimension: [uT']). The smartphone reference system is shown in Figure 5.2. The ori-
entation in the world frame can be obtained through the Sensor . TYPE_ ORIENTATION
in terms if rotation angle (in degrees) with respect to the geomagnetic north. Given
that this sensor has been deprecated since API level 8 (i.e., Android 2.2 Froyo), in the
latest Android version! it is possible (i) to exploit the getRotationMatrix ()
function which use the gravity sensor (Sensor . TYPE_GRAVITY) and the magnetic

n this study, the Android APIs level 23 (i.e., Android Marshmallow 6.0) have been used.
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AZ

Figure 5.2: Android smartphone reference system.

sensor or (ii) to use the Sensor . TYPE_ROTATION_VECTOR, which is a “software
sensor” which directly computes the smartphone orientation & W) (where (W) repre-
sents the world reference system) as a unit vector, namely <x, y, z>, and an angle of
revolution around that vector, namely 6. In other words, the orientation is represented

by three values expressed as follows:

0

KW = x - sin (5) (5.1)
AW g (¢

vy =y -sin 3 (5.2)
0

AW = z . sin (E) (5.3)

where: x is the axis tangential to the ground at the device’s current location and
pointing towards East; y is the axis tangential to the ground at the device’s current
location and roughly pointing towards the magnetic north; and z is the axis which

points towards the sky and is perpendicular to the ground according to the axis-angle
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notation.

5.2 Smartphone-based Algorithms

5.2.1 Linear Acceleration Computation

In order to obtain the smartphone linear acceleration in the world reference system
(W) (introduced in [101]), the raw acceleration is collected from the hardware sensor
a®(k), where (S) refers to the smartphone reference system in Figure 5.2 and  is the
sampling epoch. Therefore, the orientation expressed in angle-axis notation A™(k)
obtained through the rotation vector software sensor is used to estimate the rotation

matrix RW)(k). First, the corresponding quaternion is obtained as follows:

2 2 2
’ \\% \\% \\%
@ =1- (h; )) - (h<y )) - (h; )) (5.4)
q, ifqg, >0
go = Vo 0 (5.5)
0 otherwise
g =h (5.6)
g = h" (5.7)
g3 = hy" (5.8)

where ¢ = qo + g1l + ¢2J + g3k is the orientation expressed in quaternion form
(90,91, 92, g3 are real numbers and i,j,k are the fundamental quaternion imaginary

units). The rotation matrix at epoch k can then be obtained as follows:

1-2(q5 +q3) 2(q192 — 9093) 2(q193 + q0gq2)
R™(k) = [2(q1q2 + qoq3) 1-2(q} +q3) 2Aq2g3—qoq)|-  (5.9)
2q193 - q092)  2(q293 + goq1) 1 —2(q7 + q3)

This matrix is used to rotate the raw acceleration according to the following equation:

a™ (k) = a® (k) - R™(k) (5.10)
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moving to the world reference system and obtaining a™(k). The linear acceleration
g{iv:)(k) is then obtained by subtracting the gravity g™ = (0,0, ¢) with g = 9.81 m/s
. \

ie., giin)(k) — g(W)(k) _g(W).

5.2.2 Step Detection

The following approach allows to check the gait status every sample and, thus, to detect
a step in near-real time. In fact, the idea behind the proposed step detection algorithm
relies on the assumption that, when the user foot is close to a Heel Strike (HS) or a Toe
Off (TO), the principal component in the acceleration magnitude is the vertical one.
Therefore, if the vertical acceleration is “close enough” to the acceleration magnitude,
the step is detected. The acceleration magnitude at the k-th sample can be computed

as follows:

am(k) = \/a<W> 12 +a™ (k)2 + a™ (k)2 (5.11)

x,lin y,lin z,lin
where agi)n(k), a;\ﬁ/i)n (k), and a?f{i)n(k) are the linear acceleration components.
A state transition diagram-based approach is applied in order to describe the
detection phases. A state transition happens in correspondence to every sample. In

particular, the following three states are introduced.

* No step: this is the idle status, in which no step is detected. This happens if the
test subject is static or if the previous step is ended and the next one has still to
be detected.

 Step initial phase: in this status, the algorithm has detected a step. The smart-
phone is swinging because of the walking dynamics and the test subject foot is

performing a HS. In this status, the vertical acceleration is maximum.

 Step terminal phase: this state lasts until the end of a step is detected, namely
the vertical acceleration becomes higher than the magnitude threshold ¢4,,,. The
horizontal displacement is then computed and the end of a cycle is declared.

The system will return in the “No step” status.

As visible in the state transition diagram in Figure 5.3, three indicator functions are

defined to allow the discrimination between state transitions (i.e., to distinguish the
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o, (k)=0

o, (k) =1 o, (k)=1 o, (k)=0

Step
terminal
phase

Step
initial
phase

o, (k)=1

Figure 5.3: Step detection algorithm state diagram.

gait phases). The first indicator function, namely «, is defined as follows:

am(k) > thy,
1 if S am(k) = a™) (k)| < th
) - lam(k) = a (0] < tha 512
t(k) — t(LSI) < ming
0 otherwise

where: th,, is the magnitude threshold (dimension: [m/s?]); thy is the “vertical-
to-magnitude-similarity” threshold, namely the distance between the acceleration
magnitude and the vertical acceleration which enables the step detection (dimension:
[m/s?]); ming is the minimum distance, in terms of number of samples, between a
step and next one; and the Last Step Index (LS7) is the sample index corresponding
to the maximum vertical acceleration during the last step. If a step has not been
detected yet, LS/ is initialized to 0. The chosen values for the considered thresholds
are: thy, = 1.5 m/s%; thy = 0.5 m/s?; and ming = 50 samples, respectively.

If a1 (k) = 1, the status is updated to “Step initial phase” and the algorithm checks
a second variable @, in order to detect the end of the first part of a step (i.e., the HS of
one foot which approximately corresponds to the TO of the other foot). The second
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condition is described through the following indicator function:

1if o) (k) <0
(k) = ) (5.13)
0 otherwise.

The use of ay(k) allows to detect the moment in which the decreasing vertical accel-
eration crosses zero. This means that the HS event has occurred and the current step’s
acceleration maximum can be identified as follows:

az.max(i) = maxa™ (k) (5.14)

k estep z,lin

where i represents the step index. The index LSI is then updated as the epoch of the
last acceleration maximum: therefore, in every step, LS/ is the epoch associated with
the maximum a, max (i) of the current step.

The algorithm status is then updated in order to detect the epoch i corresponding to
the minimum acceleration a, mi, in the current step. This condition is defined through

the following indicator function:

1 if accl(i\:,)z(k)>thm

as(k) = (5.15)

0 otherwise.

Once the third condition is satisfied (i.e., @3 = 1), itis possible to identify the minimum
in the vertical acceleration in order to estimate the horizontal displacement through
one of the various algorithms which rely on the detection of acceleration peaks and
valleys introduced in Subsection 1.5.3. The proposed algorithm adopts the Weinberg
step length estimation algorithm [74].

The gait segmentation obtained through the proposed method is shown in Fig-
ure 5.4, in which one can observe the signal collected from the smartphone held in
navigation/texting mode. The vertical acceleration represents the main component in
the acceleration magnitude during a normal walk pattern and this allows to perform
step detection. Moreover, this method allows to distinguish between the acceleration
peaks generated by the step with respect to the other spurious peaks in the vertical

acceleration.
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Figure 5.4: Gait segmentation obtained through the proposed algorithm with smart-

phone held in texting mode. The blue line represents the acceleration magnitude ap,,
(W)

zZ,lin

the red line is the vertical acceleration a_ ;. . The light gray highlighted graph portion
represents the “Step initial phase”, whereas the dark gray highlighted graph portion

represents the “Step terminal phase.”

5.2.3 Step Length Estimation and Path Calculation

Once the gait phases are segmented as described in Subsection 5.2.2, the Weinberg
algorithm is applied and the length of the i-th step can be estimated according to
Equation (1.8). It is important to remark that, in this formula, K is a constant which
relies on the smartphone positioning and the subject height, i2 is the step index, and
az.max (i) and az min (i) are the maximum and the minimum acceleration during the i-th
step, respectively. The constant K is a key value in the path estimation, especially for
the proposed algorithm which aims to be independent of the smartphone position. In

Subsection 5.2.4, an innovative K estimation approach will be proposed.

Once the step has been detected and the step length has been computed, the

2]t is important to highlight that, in the previous chapters, the index i defines the sampling epoch,
whereas, in this chapter, i is used to indicate the i-th step.
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position estimate p(i) = (px(i), py(i)) is obtained by projecting the step length along
the heading direction {¢(/)} derived from the quaternion ¢(i) (see Subsection 5.2.1)

as follows:
W(i) = arctan 2(2 (qoq3 + q192). 1 — 2(q3 + 43))- (5.16)

The new position is then estimated as follows

px(i) = SL(i) - cos(y (i) + px(i — 1)
py(0) = SL(P) - sin(y (1)) + py(i = 1).

(5.17)

5.2.4 Mode Independent K Estimation

J—— Y] i
 in texting mode

......... (w) i
af}) phoning mode

Acceleration [m/s/s|

| | | A o | ) " |
1460 1480 1500 1520 1540 1560 1580 1600 1620

Samples

Figure 5.5: Comparison between the acceleration magnitude calculated according
with Equation (5.11) for the smartphone held in texting/navigation mode (blue line)
and in phoning mode (red dotted line). The two signals refer to two different trials

carried out with the same smartphone.

Different smartphone placements are related to different acceleration magnitudes
during walking. In fact, the way the user is holding the smartphone determines its ori-
entation and its potential movements. When the smartphone is held in phoning mode,

for example, it is more constrained to the body with respect to the texting/navigation
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holding mode, where the hand is free to move along the vertical direction. This differ-
ent acceleration magnitude behaviors are illustrated in Figure 5.5. The Weinberg step
length estimation formula shown in Equation (1.8) relates the trunk vertical accel-
eration to the horizontal displacement by assuming the sensor attached to the upper
body. This assumption no longer holds when the sensor (i.e., the embedded IMU in
the smartphone) is hand-held. In this case, the formula has to be calibrated not only
according to the test subject walking characteristic, but also according to the sensor
degrees of freedom.

The idea behind the proposed approach is to adopt a constant K for the step length
estimation which relies on the acceleration magnitude as “motion quantity indicator.”
Experimental tests have lead to the development of the following novel formula
which allows one to automatically calibrate the step length estimator according to the

smartphone position:

K=f — (5.18)

@m,max (i)
where: B is a per-subject estimated constant (dimension: [(m/s?)1/3]); Am,max (i) is
the maximum value in the acceleration magnitude during the considered i-th step
(dimension: [m/s?]). Experimentally, it has been found that, for the test subject whom
the following results refer to, § = 0.7 (m/s2)!/3 is an efficient choice.
In the following section, the results have been obtained by considering multiple

experimental set-ups with a single test subject.

5.3 Performance Analysis

The experiments have been carried out in the Department of Engineering and Ar-
chitecture of the University of Parma (latitude: 44.765277, longitude: 10.308277),
along the main corridor, where markers (i.e., paper tags attached to the corridor’s
walls) were placed every 5 m. In order to obtain accurate measurements, the final
distance (i.e., the one between the final marker and the ending position) has been
measured with a measuring tape. Every test has been video recorded to obtain (as

a reference) the precise step count. As shown in Figure 5.6, the corridor length is
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Path length
~ 188 m

Figure 5.6: Department of Engineering and Architecture of the University of Parma.
The trials have been carried out in indoor environment along the main corridor

(highlighted in red) which has approximate length of 188 m.
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Table 5.2: System performance: smartphone in texting/navigation mode.

# Step ‘ Detected step ‘ True dist. [m] ‘ Estimated dist. [m] ‘ % € on dist.

| 7 N6 5T | 87 N6 ST | 7 N6 5T | 87 N6 5T

20 20 21 20 139 13.5 12.3 133 124 12.8 43 81 46
50 49 52 52 345 33.1 33.5 329 31.7 359 46 41 7.1
100 101 104 96 69.7 65.7 61.4 68.2 67.9 63.2 21 33 29
500 503 505 491 | 3485 3522 3612 | 3407 3705 3503 | 23 52 32

Table 5.3: System performance: smartphone in phoning mode.

# Step ‘ Detected step ‘ True dist. [m] ‘ Estimated dist. [m] ‘ % € on dist.

| s7 N6 5T | s7 N6 ST | 87 N6 ST | S7 N6 ST

20 20 21 21 14.2 13.5 13.6 14.9 14.1 13.8 49 43 17
50 50 49 48 354 33.7 33.8 349 353 338 1.4 47 0
100 101 97 101 69.1 66.7 66.5 70.4 69.4 712 1.8 4 1.6
500 502 498 504 | 3513 3453 3526 | 3653 3325 3448 | 39 37 28

approximately 188 m: for the longest tests (i.e., the walks with 500 steps), the subject
has performed a single curve with no step, namely by turning in a single movement. In
order to evaluate the step detection accuracy together with the step length estimation
capability, several tests have been performed. The data have been analyzed through a
Matlab-based script. An Android application has been developed in order to test the

navigation algorithm in real-time.

5.3.1 Experimental Results

In Table 5.2 and Table 5.3, the results obtained in the experimental trials are summa-
rized. The experimental data have been organized according to the smartphone use
modes.

In Table 5.2, the presented results show the algorithm effectiveness using the
smartphones in texting/navigation mode. As one can see, the proposed approach can
correctly detect almost all the steps, with an error, with respect to the total number
of steps, which is always below 4%. These results are valid for all the three tested
smartphones, i.e., the accuracy is independent of the hardware platform.

In Table 5.3, the performance results with the smartphone in phoning mode are



102 Chapter 5. Smartphone-based INS

shown: one can observe the algorithm capability to accurately identify the steps
independently of the smartphone position. This is due to the linear acceleration
estimation procedure presented in Subsection 5.2.1, which allows to estimate the
vertical orientation with respect to the Earth reference system. In this experimental
test, as already highlighted for the previous results in Table 5.2, the proposed approach
has been able to identify the steps with high accuracy, namely, with a relative error
below 3%. In Table 5.2 and Table 5.3, it is possible to observe that the estimated
distance error varies when the step number varies. This is due to error averaging over
a path: more precisely, a single step length estimation error has a higher impact in
shorter paths than in longer ones.

Considering the performance in terms of path length estimation, the algorithm
presents a significant variance in the estimated distances, due to a high vertical
displacement variability of the smartphone. Nevertheless, as can be observed in
Table 5.2 and Table 5.3, it can automatically adapt the step length estimation to the
specific smartphone mode under use. In fact, the errors are comparable in both tables,
which means that the bias is introduced by the common walking pattern dynamics,
but not from the step length estimation formula, which is thus independent of the
smartphone placement. The average (relative) error in Table 5.2 is approximately
4.3% of the total traveled distance, whereas in Table 5.3 the average (relative) error is
below 3%. In Table 5.3, it can also be observed that the results are comparable between
the three smartphones: this proves that the algorithm performance is independent of
the hardware, thus making the proposed approach applicable to multiple devices.

It is important to remark that no modification in the step length estimation algo-
rithm is needed to adapt the Weinberg formula to the smartphone use mode. In fact,
the novel strategy introduced in Equation (5.18), based on the acceleration magni-
tude, enables the automatic correction of the constant K depending on the “oscillation

quantity.”

5.3.2 Android Application

The Android application has been developed in order to verify the algorithm capability

to reconstruct the traveled path in real-time and to provide a continuous feedback to the
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Figure 5.7: A screen capture of the Android Application. The top graph represents
the acceleration magnitude ay, in blue, and the vertical acceleration a;v;?n. The light
blue dots represents the maximum a; max and the minimum a; mip in the vertical

acceleration. The bottom graph represents the estimated path. The x and y axis are
stated in meters.
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user. In the application layout, shown in Figure 5.7, one can see (top) the acceleration
(linear vertical and magnitude) with step detection/gait segmentation and, (bottom)
the estimated path.

The top graph is updated every time a new sample is collected from the sensor.
As soon as the algorithm detects the maximum a; max (i) or the minimum a; min(i)
in the vertical acceleration during the i-th step, a blue dot is displayed at the cor-
responding coordinates in the graph. Since the Android operating system does not
ensure a constant sampling rate, the proposed algorithm sets the sampling rate to
the maximum possible rate (i.e., SensorManager.SENSOR_DELAY_FASTEST)
which corresponds, for the considered smartphones, to approximately 150 < 200 Hz.

In Figure 5.7, right under the acceleration graph (on top), the current step length
and the current yaw (heading) are displayed. These are updated every time a “Step
terminal phase” is completed. Moreover, the application allows to set the algorithm
key parameters such as: the minimum distance between two subsequent peaks, denoted
as ming (MIN_PEAK_DIST); the constant 8 (K_WEINBERG) needed to evaluate K
according to Equation (5.18); and the difference threshold between the acceleration
magnitude and the vertical acceleration, denoted as th; (STEP_DECT_SENS).

In the bottom graph in Figure 5.7, the current coordinates, with respect to the
starting point, expressed in meters—the default starting point is the axis origin p(0) =
(0,0)—are displayed. In the path shown in the bottom graph, instead, every point
represents a step.

5.4 Conclusions

In this chapter, an innovative algorithm able to estimate the traveled path of a person
during walking, exploiting the data collected from the IMUs embedded in commer-
cial smartphones, is presented. Two different softwares have been developed: (i) a
Matlab® script for offline data analysis, in order to verify the algorithm accuracy;
and (ii) an Android application able to provide an online processing of the collected
data, allowing real-time path estimation directly on the device screen. The algorithm

performance have been tested on the basis of several trials carried out using three
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different commercial smartphones (namely, a Samsung S7, a Nokia 6, and a One-
plus 5T). The obtained results prove the system feasibility, in terms of accuracy and
latency, with respect to the position estimation.

The work presented in this chapter highlights the feasibility of a pure smartphone-
based inertial navigation. However, this approach suffers from the noise introduced
by the spurious movements which are usually generated during a normal walk. In
order to tackle this issue, in particular over long paths, a possible solution could be the
integration of other radio-based localization technologies, such as Bluetooth, WiFi,
and GPS.






Conclusions

This dissertation has focused on the study of inertial approaches to pedestrian naviga-
tion. Even though multiple technologies have been considered, the inertial approach

has been chosen for its versatility.

The first analysis has investigated a single sensor-based approach. A single Inertial
Measurement Unit (IMU) has been placed in two different positions on the user’s
body, namely on the foot and on the chest. Two algorithms have been developed
and the performance, in terms of positioning accuracy, has been evaluated through
an extensive experimental campaign. The results obtained in this first research have
demonstrated the feasibility of a single sensor-based Inertial Navigation System (INS),
but they have also highlighted the impact of the drift problem, in particular in systems
which rely on the signals collected by a single IMU. In order to reduce the estimation
errors introduced by the drift, a sensor fusion approach has been investigated.

The first strategy adopted to perform sensor fusion has been the one that involves
more than one IMU placed on the feet. Four different configurations, based on up to
four IMU, have been investigated. The results demonstrate an accuracy increase in
configurations with multiple IMUs. In particular, the configuration with four IMU,
(namely, two IMUs per foot) has shown the highest accuracy. The analysis over
different body placement has also allowed to highlight the inertial signals behavior
related to specific IMU placements.

The analysis described in the previous paragraph has lead to a new sensor fusion
approach which involves IMUs placed on various body positions (i.e., two IMUs
on the feet, one per foot, and one IMU on the chest, on the lower back). The IMU
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placed on the upper trunk has shown better orientation estimation performance with
respect to the IMUs placed on the feet. On the other hand, the IMUs placed on the
feet have shown a higher reliability in terms of step length estimation. The fusion
between the information collected from these three sensors has lead to an overall
system improvement, but it has also highlighted problems during curves in the step
propagation task, namely the combination of heading and displacement to compute

the next position.

Finally, a research focused on hand-held-based INS has been carried out. Given
the massive diffusion of IMUs in commercial smartphones, this analysis represents
an attractive evolution with respect to the “classical” INSs which rely on IMUs
firmly attached to the user’s body. A new algorithm able to perform real-time inertial
navigation exploiting the signal collected by the IMU embedded in the smartphone
has been developed. It has been tested over three different smartphone models and the
obtained results, in terms of step detection and step length estimation accuracy, have

demonstrated the feasibility of an hand-held sensor-based commercial INS.

Possible future research activities could focus on the improvement of the hand-held
IMU-based INS by developing a mode recognition algorithm, which would allow to
apply proper modification in the step detection and step length estimation algorithms
depending on the smartphone placement. Given that the INSs introduced in this thesis
rely on per-subject calibrated constants, a further analysis could be carried out to test a
large number of users, in order to generalize the presented results and their dependency
from these constants. Further surveys could also analyze different trajectories, taking
into account critical pattern such as multiple curves and floor changes. Orientation
estimation during curves, as discussed in Chapter 2 and Chapter 3, represents a key
task in inertial navigation, and correction strategies, such as orientation filter adaptive

parameters and parallel orientation filters, could be investigated to address this issue.

Moreover, an overall improvement in the proposed system could rely on the
integration with other localization technologies. For example, the INS integration with
the Received Signal Strength Indicator (RSSI) information generated by Bluetooth
Low Energy (BLE) beacons or WiFi Access Points (APs) placed in known positions in

the environment is expected to significantly improve the system accuracy by reducing
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the drift.

Modern commercial devices, such as smartwatch and virtual reality goggles,
usually contains one or more IMUs. This paves the way to innovative INSs which have
to be based on completely different inertial signals with respect to the ones introduced
in this thesis. For this reason, a further extension for the algorithm presented here

could be represented by their application and adaptation in these new scenarios.
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