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Palavras -chave

Resumo

Localizacdo de pedestres, Realidade Aumentada, Aprendizagem
Mével

Cada vez mais, as aplicacdes mébveis requerem solucdes de
localizacdo precisa nos mais variados ambientes. Apesar de o
GPS ser amplamente usado como solucgéo para localizacéo, pode
apresentar alguns problemas de precisdo em condicdes
especiais, como mau tempo, ou espagcos com Vvarias obstrucoes,
como pargues publicos. Para estes casos, solucdes alternativas
ao GPS sao de extrema relevancia e veem sendo desenvolvidas.
A presente dissertacao estuda o caso do projeto EAuPARK, que é
uma aplicacdo movel de realidade aumentada para o parque
Infante D. Pedro em Aveiro. Devido a fraca precisdo do GPS
nesse parque, a implementagédo de funcionalidades baseadas no
posionamento e de realidade aumentada sem marcadores
apresenta dificuldades. S&o analisados sistemas relevantes
existentes e € proposta uma arquitetura baseada em localizacdo
de pedestres. Em seguida é apresentada a correspondente
implementacédo, que consiste numa solucdo de posicionamento
usando os sensores disponiveis nos smartphones, um algoritmo
de detecdo de passos, um estimador de distancia percorrida, um
estimador de orientacdo e um estimador de posicionamento. Para
a validacéo desta solucéo, foram implementadas funcionalidades
na aplicagdo EduPARK para fins de teste, e realizados testes
com utilizadores e testes de usabilidade. Os resultados obtidos
demostram que a solucéo proposta pode ser uma alternativa para
a localizagao no interior do parque Infante D. Pedro, viabilizando
desta forma a implementacdo de funcionalidades baseadas no
posicionamento e de realidade aumenta sem marcadores.
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More and more, mobile applications require precise localization
solutions in a variety of environments. Although GPS is widely
used as localization solution, it may present some accuracy
problems in special conditions such as unfavorable weather or
spaces with multiple obstructions such as public parks. For these
scenarios, alternative solutions to GPS are of extreme relevance
and are widely studied recently. This dissertation studies the case
of EduPARK application, which is an augmented reality
application that is implemented in the Infante D. Pedro park in
Aveiro. Due to the poor accuracy of GPS in this park, the
implementation of positioning and marker-less augmented reality
functionalities presents difficulties. Existing relevant systems are
analyzed, and an architecture based on pedestrian dead
reckoning is proposed. The corresponding implementation is
presented, which consists of a positioning solution using the
sensors available in the smartphones, a step detection algorithm,
a distance traveled estimator, an orientation estimator and a
position estimator. For the validation of this solution, functionalities
were implemented in the EduPARK application for testing
purposes and usability tests performed. The results obtained
show that the proposed solution can be an alternative to provide
accurate positioning within the Infante D. Pedro park, thus
enabling the implementation of functionalities of geocaching and
marker-less augmented reality.
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1. Introduction

1.1 Motivation

Satellite-based technologies such as GPS are still the predominant technologies
used by mobile applications to provide localization services. However, they do not
perform well in certain environments such as crowded cities, indoor settings, or
even in unfavorable weather. The case under study in the present dissertation is
the EduPARK project game-like application, an augmented reality application
implemented in the Infante D. Pedro urban park in Aveiro. Due to poor GPS
precision and accuracy within the urban park, the implementation of marker-less
augmented reality and other functionalities of geocaching were inviable for the
project. This justifies the quest for an alternative localization solution to provide
accurate positioning within the urban park and, consequently, enable the
implementation of geocaching functionalities and marker-less augmented reality.
The present work proposes an alternative system to provide positioning with

increased precision using only the smartphone built-in sensors.

1.2 Objectives

The main objective of this dissertation was the research and implementation of a
solution that could provide greater precision in the positioning within the Infante D.
Pedro urban park and be an effective alternative to the use of GPS. Considering
this goal, the first specific objective was the study of related systems and recent
technologies in order to substantiate the proposed system. The second specific
objective was the study of the current state of the EQuPARK application, and the
implementation and integration of the proposed positioning system. Another

specific objective of the present work was the creation of 3D models of the



monuments in the urban park to be integrated in the EQuUPARK application. The
realization of tests and usability studies to evaluate the proposed solutions were

also required.

1.3 Structure

This dissertation is divided into six main chapters. The first chapter introduces the
motivation and objectives behind the work. The second chapter describes the
state of the art on augmented reality, mobile augmented reality, the EuUPARK
application, and localization systems. The third chapter presents the analysis and
design of the proposed positioning solution. The fourth chapter describes the
implementation details of each component of the proposed solution. The fifth
chapter presents the studies done to evaluate the solution developed in the
present work, starting with the tests to the system, then the usability tests with
users and a discussion of results obtained. Finally, the sixth chapter presents the

conclusions and future work recommendations.



2. State of the Art

This chapter presents the state of the art of the fields under study in the present
dissertation. Section 2.1 describes augmented reality, its characteristics,
applications, challenges, and issues. Section 2.2 describes mobile augmented
reality with special attention to its applications in education and then introduces an
overview of the EQUPARK application. Finally, section 2.3 presents a review on
mobile localization systems and a comparison study of relevant localization

solutions.

2.1 Augmented Reality

Augmented Reality (AR) is a technology tha
real-world e nvi r onment i n real ti me, [RrARCiIi ng ¢
s y st empplemént the real world with virtual (computer-generated) objects that
appear to coexist in the [8anhancisgpealtyevithas t he
additional virtual information [4]. On the Reality-Virtuality continuum by Milgram
and Kishino [5], AR is one part of the general area of mixed reality where there is a
continuous scale rangingb et ween the completely ,andrtual,
thecompl etely real AReal i tyo, where AR is i#c

virtuality (AV) is closertoapurelyvi r t ual e [B)yasshownnmeigute Q.



Mixed Reality (MR)

l I

l ]

I — > «— |

Real Augmented Augmented Virtual
Environment Reality (AR) Virtuality Environment

Figure 1: Milgram and Kishino’s Reality-Virtuality Continuum [5]

The previous definitions provide a helpful comprehension of the main goal of AR
systems, which is to provide a new experience for the users by allowing the
exploration of reality with additional virtual information, or according to Hugues et
al. [6] by simplifying the user’s life by bringing virtual information to his immediate
surroundings and even to any indirect view of the real-world environment, such as
live-video stream. According to Azuma et al [3] and Madden [7], the main

characteristics of an AR system are:

combines real and virtual objects in a real environment;
registers or aligns real and virtual objects with each other,

runs interactively in 3D and in real time,

1

1

)l

1 combines real world with computer graphics,
1 provides interaction with objects in real time,
1 provides recognition of images or objects, and
1

tracks objects in real time providing real-time context or data.

2.1.1 AR Technologies

The augmentation of a real environment can be achieved by using visual

techniques and non-visual techniques [4], [6], [8].

Visual AR techniques consist of the rendering of 8D virtual objects from the same
viewpoint from which the images of the real scene are being taken using tracking
cameraso[6]. Vi sual AR is based on i mage registr
computer vision mostly related to video tr a ¢ k [6h ghese methods usually
consists of tracking and recognition stages. The tracking stage attempts to
Acal cul ate the trajectory of an object i n

scene through features detected in a video streamo [8], this stage makes use of



Anfeature detection, edge detection or
the camera imageso [6], through tracking, fiducial markers, optical images, or
points of interest (POI) are detected. The recognition stage uses the data obtained
from the tracking stage to reconstruct a real-world coordinate system [6]. Visual
AR is most suitable for see-through AR systems that already have a video camera,
these systems include handheld displays (mobile devices, optical see-through
glasses) and head-mounted displays (video see-through glasses, holographic
projector, anaglyph glasses, alternate frame sequencing, and polarization
displays).

Visual AR systems can track and recognize a lot of entities by extracting features
from video frames, and this process requires fsoftware to create consistency
between the elements in the image and the known 3D locations in the worldo[8].
Software packages that enable feature extraction and tracking include OpenCV
[9], Vuforia [10], Unity [11], and Augment [12], among others.

The main challenges in visual AR lie on the type of environment the AR device will
be introduced to as well as the type of AR system [6]. In indoor or outdoor
environments, places such as windows corners or wheels can be extremely
difficult to match or recognize due to reflection and transparency, and objects that
have irregular shape can be affected by environment conditions. To overcome
these challenges recent advances reported by Hugues et al [6] propose the use of
Human Vision Systems (HVM) that study how the human brain recognizes objects.
If the way of recognizing things by the human brain can be modeled, computer
vision and consequently visual AR will be able to overcome the challenges it is

currently facing.

Non-Visual AR techniques consist of the expansion of the user experience by
Aproviding stimulus for other s e ([Bfthese

other senses can be audition, taste, touch and even smell [4].

Audio in AR has been widely used for aural augmentation or as part of the user
interface [13], most applications provide solutions for visually impaired people,
these solutions take advantage of optical character recognition (OCR) and

computer vision techniques to detect objects and read texts [13]. A good example

ot hel



is LookTel [14], which is an instant recognition smartphone application for visually
impaired people, it has features to read aloud things at which the user points, or
even more, using GPS it can help visually impaired travelers locate orientation

points on a route.

Sense, smell, and touch in AR are used in closed-space environments, where it is
possible to integrate multiple sensors to enrich the user experience [13], or in
specific hardware that integrate the necessary sensors to enable those senses.
M5SAR [15] is a project that introduced a mobile five senses augmented reality
system for museums. The system consists of a smartphone application and a
gadget to be integrated with the smartphone. For touch sensation, three
techniques were used: thermal touch, vibration, and air flow. The thermal touch
could recreate heat and cold sensations using thermo-electric modules, the
vibration was obtained with vibration motors with one on each side of the device,
the air flow or wind sensation is obtained using a ventilation system with four fans,
two in each side of the device. For the smell sensation, a flow of air is forced
through an aromatized container, which is then inserted into the fan ventilation
system of the wind feedback module, helping spread the fragrances naturally in
the air. Figure 2 illustrates the gadget integrated with a smartphone allowing a

multiple sense AR experience to the user.

Phone/Tablet Support

Wind/Odor Qutput

=

Adijustable Supports Tem (max)

Haptic
Handle

25cm (max)

Air Input

Taste Output
Indicator

Taste Output

Figure 2: A portable device for the five-sense
experience. Tablet or smartphone support
[15].



2.1.2 AR Devices

New research has been conducted to implement AR systems for vision, audio,
taste, touch and even smell, as described in 2.1.1. The hardware platforms used in
the various forms of AR can be classified according to Hugues et al. [6] in
displays, input devices, tracking, and computers. Displays can be of three types,

head-mounteddi spl ays ( HMDs) , handhel d displ ays

a display device worn on the head or as part of a helmet and that places both

-

C

i mages of the real and virvuaew eihvi{thae nwment d

shown in Figure 4, they can either be video-see-through or optical see-through and
can have a monocular or binocular display optic. Handheld displays employ small
computing devices with a display that the users can hold in their hands, the most
widely used handheld displays for AR are smartphones, PDAs and tablets. Spatial
Augmented Reality (SAR) make use of video-projectors, optical elements,
holograms, radio frequency tags, and other tracking technologies to display
graphical information, an example is illustrated in Figure 5. The input devices for
AR are mainly composed by haptic devices [4], [6], [13], some systems utilize
gloves, as shown in Figure 3, other even use a wireless wristband. Tracking
devices consist of digital cameras and/or other optical sensors, GPS,

accelerometers, solid state compasses, wireless sensors, etc.

Figure 3: Haptic device[16]

Figure 4: HMDs[6]  Figure 5: SAR[6]

The output from those platforms comes in the form of images and sound, while the
information is displayed as text, virtual objects, textures, or highlighting, Table 1
characterizes the various applied categories or forms of AR systems related to its

specific devices, output, and AR content provided [4], [6], [13].



Category Description Device AR Information
Vision Handheld Mobile Devices, Text,
- Virtual Objects,
HMD O.ptlcal see-through glasses, Highlighting,
Video see-through glassgs, 3D text,
Alternate frame Sequencing
. Textures,
, Displays , 3D Highlighting.
Spatial Projector, LCD display,
Autostereoscopic Display,
Polarization displays
Wearable Holographic projector
Audio Spatial Speakers, The  direction  of
sound translations,
Improved sound.
HMD Headphones Translations,
Additional sound.
Handheld Earphones Improved Sound
Touch Spatial The haptic device, Vibrating | Additional motion,
device. Haptic feedback
Handheld mobile device, game controller
Smell, HMD, Handheld Multiple sensors, Gustatory | Fragrance, flavor
Taste display

Table 1: AR systems grouped in terms of devices used and AR content [4].

2.1.3 Applications of AR

AR has been widely used in a variety of fields for the achievement of smooth
blends between the virtual and real worldso[4]. Mekni & Lemieux [17] identified 12
well-established application domains for AR, which include the military, medical,
manufacturing, entertainment, visualization, education, advertising and
commercial marketing, geospatial, navigation and path planning, tourism, urban
planning, and civil engineering. This section focuses on the recent advances and

applications of AR in the specific domains of military, medicine, and education.

In the military, AR can be used to fdisplay the real battlefield scene and augment it

with annotation informationo[17]and al so f or the HArepairing

equi pment f o r [4].tAh exanple s dhe Battlefield augmented reality
system (BARS) [17] developed to provide training in large-scale combat scenarios
and simulating real-time enemy action. In another perspective, Canada’s Institute

for Aerospace Research (NRC-IAR) developed a helicopter night vision system



that uses AR to expand the operational envelope of rotorcraft and enhance pilots
ability to navigate in degraded visual conditions [17]. These use cases elucidate
the high relevance of AR in the planning of military interventions and training, and

for preventive operations.

In the medical field AR is mostly used for the training of medical students and to
help doctors during surgeries [18]. Surgical AR can allow doctors to provide
guidance, help, and support with valuable information during a surgical operation,
or it can support the rehearsal or discussion of the operation for which a realistic
virtual version of t h[4. Op the othemharid s since rAB
surgical training is both time and cost intensive, it has been applied in the form of
superimposition of computer-generated virtual organs in the trainee-surgeon vision
field with the use of an optical HMD such as Google Glass or the STAR 1200 XL
from Vuzix [4], [19]. Another good AR based solution for the medical field is the
AV400 Vein Viewing System [4], which involves the use of a handheld scanner
that projects onto the skin to show t
of the AV400 device, the medical practitioner is more likely to precisely find a vein
during the first injection attempt. Besides the tremendous impact in the field, AR
solutions have also some issues mainly related to displays and tracking. Display
challenges mostly arise from the fact that the preferred type of display to use for
medical applications is an HMD, as it allows the physician not only to use both
hands, but it is also easier to track where the doctor is looking at to augment the
right surfaces. However, it is challenging to implement HMD based solutions for

medical applications [6].

In education, AR systems support user interaction, provide instant feedback, and
are exciting to use, and they can potentially foster learning [20]. While the majority
of existing efforts have targeted primary and high school education, college
education is also another niche area of research that is under investigation [21],
[22]. The complete evaluation of current applications of AR in the specific field of

education is presented in section 2.2.2.
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2.1.4 AR Challenges and Issues

There are a number of constraints that limit what can be done with AR applications
[23], [2], [19], [24] and/or additional issues that the application developer must
address to overcome those constraints.

The first limitation regards technological aspects, mainly because augmented
reality systems must deal with a vast amount of information: the hardware used
should be small, light, and easily portable and fast enough to display graphics [17].
But in contrast, the resources on most devices are limited, those are manifested
primarily as limited memory and limited computational capability, as well as limited
graphics capability, limited input and output options and especially limited screen
size. Even if the system includes some type of head-based display such as
glasses, they often have a limited field of view and limited resolution. Memory is a
primary limitation on the amount of content that can be resident on a mobile device
at any given moment. These facts bring another issue, the battery life used by
such augmented reality devices, since AR features consume many resources that
can decrease battery life. AR tracking needs some positioning systems such as
GPS to provide accurate localization. As AR systems obtain a vast amount of
information, robust software is needed to filter the information, retain useful
information, discard useless data and display it in a convenient way. Tracking in
unprepared environments remains a challenge but hybrid approaches are
becoming the easiest way to overcome these problems: for indoor and even
outdoor settings, solutions based in fingerprint localization have provided great

results.

Aside from technical challenges, the user interface must also follow some
guidelines such as not to overload the user with information, while also preventing
the user to overly rely on the AR system such that important cues from the

environment are missed [25].

10



2.2 Mobile Augmented Reality

Mobile augmented reality covers the use of smartphones or tablets to access AR

content. One key advantage of mobile augmented reality, according to Craig [26],

i's that in fAaddition to bleadypagvnthennecegsaynsi ve,

har dwar eo. Current smartphones and

processing, and displays necessary for mobile AR applications. Having many
potential users already in possession of the required hardware is a very
compelling attribute. Mobile augmented reality is especially well suited to ideas
such as fAubi g (2B]tinovbich the glam is what e\@ry person learns all
the time, wherever they are, when they need to. This assumption can be related to
the case studied in this dissertation, for example if someone is visiting Infante D.
Pedro Park and wants to learn more about the history or the biodiversity of the
park, he can use the mobile phone or tablet to access the application and gain

additional and relevant information about the park.

2.2.1 Marker-Based versus Marker-Less Mobile AR

Mobile Augmented Reality can be implemented in two forms [2], [8], Artefact-

Based or Marker-Based and Geolocated or Marker Less.

i Ar t bdsedd cCAR uses physical markers or objects that are scanned by a
camera and t hen c[2a.rAmarkeoacan be a sign ar anage that 6an
be detected by a smartphone camera using image processing, pattern recognition,
and computer vision techniques [8]. Markers have typically been quick response
(QR) codes, as shown in Figure 6 or barcodes, as shown in Figure 7. However,
recent technological advances have enabled the use of any kind of image defined

within the AR technology, as shown in Figure 8.

= y= =] 0
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Figure 6: QR code Figure 7: Bar codes Figure 8: Image defined code
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According to Siltanen [13], the detection of a marker by an AR system is a process

that consists in finding the outlines of potential markers and deducing locations of

marker’s corners in the image, which will lead to the identification of potential

markers and fast rejection of obvious non-markers; then the markers are decoded

using template matching or feature extraction techniques. A good marker is easily

and reliably detectable under all circumstances. Mifferences in luminance

(brightness) are more easily detected than differences in chrominance (color)

using machine vision techniqueso [13]. Marker-based AR solutions are more

suitable for situations such as described below, according to [4], [6], [8], [13], [27]:

T

Environments that are challenging for feature tracking or geocaching:
environments with large buildings or natural obstructers can difficult the
accuracy of most tracking solutions employed in markerless AR, but if the
user adds markers in such environments, tracking becomes possible and
easier.

Proof of Concept: Marker-based tracking might be good for a proof-of-
concept type of application where the emphasis is not yet on the tracking
implementation but on easily demonstrating the application concept,
because marker-based systems are typically computationally cheaper to
implement.

Devices with limited computational capacity and memory: Marker-based
systems need less processing power and memory compared to feature
tracking. This is an important aspect in mobile augmented reality, for
example with lightweight mobile devices.

Interaction with the user: User interaction in certain types of applications is
easy to implement with markers. For example, the user might move
augmented objects by moving markers. Markers are tangible and, even for
an inexperienced user, it is easy to understand how to move the objects.
Markers can maintain additional information, like an ID, URL or text. This
enables the system to associate data with markers and retrieve information.

Marker-based AR applications have much lower costs of implementation.

12



Marker-Less or geolocated AR uses locational sensing, typically through Global
Positioning Systems (GPS), and overlays digital information on points of interest
(POIs) including physical places and map references. Users who have the
appropriate equipment, typically a GPS-enabled smartphone or tablet, can view
these POIls. A comparative characterization of marker-less AR and marker-based

AR is presented in Table 2, summarized from [8].

Marker -Based AR Marker -Less AR

Uses fiducial markers; generally, fiducial | No need for fiducial markers; uses
marker images are black and white with | feature  tracking and  positioning

a square form for easy detection. techniques.

Corresponding image descriptors are | Does not need any pre-knowledge of a
provided beforehand. user's environment to overlay 3D
content into a scene and hold it to a

fixed point in space.

Recognition library may be able to | Recognizes images that are not
compute the pose matrix of the detected | provided to the application beforehand.
image, relative to the camera of the

device.

Cheap marker detection algorithm, | Recognition algorithm running in an
generally robust against lighting | application should identify patterns,
changes but weak if the marker is | colors, or other features that may exist

partially overlapped. in camera frames.

Table 2: Characterization of Marker-Based versus Marker-less AR

Marker-less solutions especially for outdoor AR tracking are mainly based on GPS
to localize the camera position and inertial sensors to measure the orientation.
However, GPS can face low precision and low update rate and inertial sensors
can suffer from error drifting and measurement distortion [28]. Hybrid systems that
are based on both GPS and inertial sensors might achieve acceptable precision

and accurate tracking.
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2.2.2 Mobile Augmented Reality in Education

Mobile AR applications in the specific field of education can be classified
according to Antonioli et al. [29], in three categories: traditional classroom uses,

outside the classroom, and special education uses.

In traditional classrooms, or indoor settings, desktop AR allows students to
combine both real and computer-generated images. As is reported in the case
studied in [30], where they used desktop AR that combined a screen, glasses,
headphones, and a pointing device to allow students to conduct a hands-on
exploration of a real object. Outside the classroom or in outdoor settings, camera
phones and smartphones allow students to gather information in a variety of
locations. QR codes and GPS coordinates can be used to track and guide the
movement of the students [29], as presented in the case of EQUPARK [1]. Special
Education Uses [29] is related to the fact that AR has the potential to bring value
and high-quality educational experiences to students. The study presented by
Antonioli et al. reported that using augmented storybooks has led to more positive
results as students were able to recall stories and had better reading
comprehension. Augmented Reality is recognized as a technology that can
increase student interest and motivation as well as promote self-learning [1], [18],
[21], [22], [31]. Mobile augmented reality can help the understanding of more
complex and abstract concepts and combined with game-based learning students
may be more willing to overcome challenges and learning difficulties. In the
studies [1], [18], [21], [22], [31], the main affordance of mobile augmented reality
was to promote student engagement, access complementary information in
different formats, such as text, sound, video or 3D models, allowing to record data
and observations, e.g., with annotated photographs, answering questions and
challenges related with the outdoor setting and receiving immediate formative
feedback. AR allows 3D visualization of phenomena or concepts, which is not
possible with traditional textbooks and the use of GPS, digital compass and
gyroscope to guide students towards learning objects. The facts presented above
emphasize that AR is becoming the new trend in education, gathering together

outdoor and indoor learning advantages.
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2.2.3 EdJuPARK Mobile Augmented Reality Platform

The EduPARK project [1] aims to contribute to the smart urban park concept by
designing, implementing and evaluating the EduPARK game, supported by a
mobile app to promote learning within the urban park Infante D. Pedro located in
Aveiro. The final purpose of combining mobile technology with outdoor gaming
strategies based on geocaching princi
allow learning to move beyond traditional classroom environments to natural
s p a c [@]sThe application is based on a question and answer game that allows
users to physically explore the Park as well as the available augmented reality
content: the augmented reality content is visualized through physical markers

installed in the park, as shown in Figure 9.

_edPark T

Figure 9: Physical markers for AR

The basic structure and functionalities of the application are described below and

summarized from [1]:

One of the initial screens of the app

prompts the players to identify their
EQUPARK 3

team and select a learning guide, as

shown in Figure 10, one for First Cycle

€l ¥iczo I

B B Third Cycle ones (aged 13i 14), other

pupils (aged 91 10) and another for

Figure 10: Initial screens, learning guide (quiz) leéarning guides are destined to

lection [1 i
selection [1] tourists and undergraduate students.
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Initially, the players are welcomedwi t h a short expl anlke i on o0
geocaching-based game structure. A short tutorial explains how to use the camera
tool to recognize the AR markers, which unlock the access to information relevant
to answering questions related to that specific location. Next, the players can
initiate the stages, following instructions to find a specific AR marker, using the
device to recognize the prompted marker, accessing a set of multiple answer
questions, and receiving adequate feedback to answers and scores, if answered
correctly. The app also provides feedback through the constant display of
accumulated scores and offers a sense of progress through the number of
guestions answered, locations visited, and caches discovered, as shown in Figure
11.

Qual 6 constiluene da s3I que

pode kot winletizada 7 parte da
Canca de srvores do penero desty
arveee?

Acido sulfidrico (H,S)

".uwu;'"“

Laima Wa LI nasaeu em 5

1455 ¢ moceu em | 534, quanse Acido acetilsalicilico (C,H,0,)
Acido cloridrico (HC

Acido salicflico (C,H,0,)

. A
&
o

Figure 11: Game Sequence [1]

To support the players progression, the app provides a number of tools: camera

(to recognize AR markers and take pictures), backpack (to see the pictures taken),
compass (to support the playersdé orientatdi
(with the next location or cache to visit)[1].

Figure 12: Additional tools provided in the game-like application
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According to [1], the results obtained with the implementation of the project and
data collection gathered from participants (focus groups) and from observations
showed that combining mobile technology with outdoor gaming activities allows
learning to move beyond traditional classroom environments that pupils can
explore and, simultaneously, make connections with curricular content.
Furthermore, the EQUPARK game provides collaborative, situated and authentic
learning, it also offers new challenges, opens horizons and opportunities for

science and education.

The main technologies used to develop the EQUPARK game-like application are:
[1]:

Unity3D: Unity is a modern cross-platform engine for creating games and
applications developed by Unity technologies. The engine can be used to create
games in both 2D and 3D, offers a primary scripting APl in C#, as well as
simulations for desktops and laptops, home consoles, smart TVs and mobile
devices [11]. It is widely used as the main technology in the development of mobile
learning games, such as the cases of [1], [22], [23].

Vuforia: Vuforia is an augmented reality platform and a Software Development Kit
(SDK) for mobile devices developed by Qualcomm. It was used for augmented
reality marker detection since it is currently the most widely adopted platform for
AR technology. Vuforia Model Targets recognize objects by shape, in contrast to
other existing methods that rely on detailed visual designs typically found on print

media, product packaging, and many consumer goods [10];

Sketchup: Sketchup is a 3D modeling tool used to create many 3D objects to help
the learning process [1].
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2.3 Localization Systems

2.3.1 Fingerprint Based Outdoor Localization

Over the years, localization services applied to different contexts have been
predominantly provided by satellite-based technologies such as GPS. However,
since these technologies require a |ine of
do not perform well in cromded ci ti es or i n  U32]f Anetleer ab | e
problem can be the dfhigh power consumpti or
battery-based mobil e d e \J3i3]c T sowercome the limitations of GPS based
localization techniques many researchers have proposed a series of alternative

solutions, including cellular-based systems [34], infrared-based systems [33],

received signal strength indicator (RSSI) based systems [35], or even hybrid

systems [36]. According to Du et al. [33] these methods can be classified in range-

based and range-f r e e . -ifaRed methods rely on the estimated distances to

achieve localization while range-free methods do not need the distance

i nfor mai ono

Range-based systems rely on relative distance generally obtained through

measuring methods such as time of arrival (To A) t hat FfAmeasures t he
the unlocated devices to the anchor node through calculating the travel time of the

signalo[33]; time difference of arrival (TDoA), which creates a distance indicator by

Afdepl oying the receivers at some known posi
each receiver is different, which can be exploited to measure the distanceo [33];

propagation model, which is based in the use of received signal strength (RSS) to

measure distance or basical | y fAwhen a device detects av
calculate the distance between the base station and itself using the propagation

model and [3B3he aR8S@angle of arrival (AoA) th
the anchor node through the anf@3].dheantin whi c h
constraint in range-based techniques is that obstacles can produce errors,

because such techniques are sensitive to the surrounding environments.

Range-free methods do not rely on distance information. The most widely used
range-free method is fingerprint localization [33]. AFi ngerprint | ocal i

signatures that are matched against a set of geotagged signatures to identify a
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devi ce [|[32k & itsia @asitioning technique that takes advantage of the
presence of multiple and low-power sensors (accelerometer, gyroscope, proximity,
rotation vector, etc.), cameras and even microphones on smartphones to create
an alternative way of locating a device. Fingerprint based localization techniques
have many advantages when compared to GPS, according to Vo et al. [32],
fundamentally by saving battery life because of the low-power sensors integrated
in current smartphones and by providing more accuracy. The main fingerprint
types used in the literature are a visual fingerprint, motion fingerprint, signal

fingerprint and hybrid fingerprint [32], [33].

AVi sual -“bdsaddpealizationiuses an image captured by the user to match
against geotagged images in a database to identify the locationo[32]. An example
of visual fingerprint based application is Google Goggles [37], an image search
application which can identify products, landmarks or paintings appearing in
mobile images. By taking a photo of one landmark, Google Goggles can identify it

and then localize the device [33]. Another example can be Vuforia Object Scanner

[38lan fAAndroid appl i c atimeeisual feddibatk omp theotargetd e s

quality, coverage, and tracking performance o f t he s ¢ a n n[&2f
According to Du et al. [33], the main constraint in visual fingerprint-based

localization techniques is the matching speed and battery consumption.

Motion fingerprint-based localization uses the motion data of users obtained by the
built-in sensors such as accelerometer and compass, combines the readings and
match them with a map of the area of interest to estimate the location of mobile
devices [33]. The readings from the compass are used to estimate the orientation
of the mobile devices and the readings from the accelerometer are used to detect
the traveled distance [32]. These measures are made periodically and used as

fingerprints and for localization.

Signal fingerprinttb ased | ocali zation is a techn
large  number of WiFi infrastructures are deployed, especially in indoor
envi r on[@8%¢ Accasding to Vo et al. [32] the basic idea is to find the location
of a mobile device by comparing its signal pattern received from multiple

transmitters (e.g., WIiFi access points or base stations) with a pre-defined

19

re

obj e

qgue

V



database of signal patterns. In addition, combining multiple fingerprint types can
lead to more robust hybrid fingerprint-based localization systems with better
performance and, most of all, to minimize the tradeoff between accuracy and
power consumption of most techniques. In each technique or fingerprint type, the
implementation details vary. Figure 13 shows the classification of different
fingerprint types, as well as the performance objectives for the systems, proposed
by Vo et al. [32].

S

Fingerprint-based Outdoor Localization Systems J

I
' '

—[Localization Objectives

Accuracy

Fingerprint Types

1

Visual Fingerprint

Motion Fingerprint Energy Efficiency

Signal Fingerprint Latency

ik

Hybrid Fingerprint

i

Figure 13: Different modes and performance objectives for fingerprint-based outdoor localization
systems
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2.3.2 Pedestrian Dead Reckoning for Outdoor  Localization

The most widely used technique for generating motion fingerprints is pedestrian
dead reckoning (PDR) [32], which is a localization algorithm that utilizes inertial
sensors or inertial measurement units (IMU) that contains three-axis
(accelerometers, gyroscopes, magnetometers, and others) data to estimate a
pedestrian’s position [39]. PDR periodically records data from the IMU to estimate
the travel distance and the direction of the movement of the pedestrian. The
current location is estimated using the previous location and the latest motion
fingerprint [32]. In that way, PDR assumes that the position of a pedestrian only
changes with stepping movements, so it observes the movement of steps and
integrates the inertial sensor measurements over the time to estimate the position
of a pedestrian [39]. According to Wang et al. [40] and compared with other
localization techniques, PDR can give an accurate position in a short period of
time, faster update of the pedestrian’s position and lower power consumption.
However, IMUs can generate small errors, the errors in inertial sensor
measurements can be accumulated by integration. To reduce or eliminate the
accumulation of errors, map-matching algorithms have been proposed [39]i [41]:
Aithese algorithms reduce the positional er
the cl osest r B&. dheamplenehtaionrofaaPDR algorithm involves
the following steps: travel distance estimation (which involves step detection and
step length estimation) and travel direction estimation (which involves heading
between each detected step estimation), [32], [39]i [41].

1. Step Detection

There are many different techniques for step detection in the literature. Wang et al.
[40] characterizes the daily movement of a pedestrian using a phone and classifies
the motion mode in two categories, the movement state, and the phone pose. The
movement state represents the global motion of pedestrian, including Walking,
Running, Upstairs and Downstairs. The phone pose represents the pose of
holding or placing a phone, including Holding, Calling, Swinging and Pocket.
Support vector machine (SVN), a supervised learning model, is employed to

recognize the movement states of a pedestrian. Based on the results of the
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classification, a flexible PDR algorithm for multi-motion modes was proposed. The
basic description of the proposed solution is that the phone produces a periodic
motion with the steps while a pedestrian is walking, the magnitudes of
accelerations in the accelerometer data can reflect the step characteristics. The
acceleration magnitude presents a sinusoidal wave and the peaks represent the
probable steps of the pedestrian, where a peak is a point in the signal that is

preceded by a rise and followed by a slope, as shown in Figure 14.
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Figure 14: A sinusoidal wave of acceleration magnitudes for step detection [40]

In another perspective, Nagpal [42] carried out a study to develop a pedometer
recording app based in Android sensors, employing new approaches to identify
advanced information on steps, such as what type of steps is given (running,
jogging or walking), the duration of each step and also step lengths. The author
observed, from the plotted accelerometer data, that every type of step (walking,
jogging, and running) has a unique signature pattern. These observations are
described below along with the data obtained during the tests, the data represents

every 10 seconds during the user’s locomotion.

For the walking signature, it was realized that most of the time, the highest peak is
registered when the foot hits on the ground, the common pattern consists of a few
high peaks followed by a few troughs, and finally, one possible way to identify all
the individual steps is the count all the highest peaks, each of which is followed by

one lowest trough, as shown in Figure 15.
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Figure 15: Signature produced by a person walking at a normal pace [42]

For the jogging signature, it was realized that the highest peak value for normal
walking reaches close to 20, while the highest peak for jogging or fast walking
crosses 25, in the same time duration (10 seconds) 11 highest peaks (steps) are
noted. The time interval between each jogging step is shorter than the one

between the normal walking steps, as shown in Figure 16.
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Figure 16: Signature produced by a person walking fast or jogging [42]

For the running signature, it was realized that the highest peak value for running
crosses 30, while the highest peak for normal walking reaches close to 20, and the
highest peak for jogging or fast walking doesn't cross 25. The time interval
between running steps is shorter than the intervals between normal walking or
jogging steps, as shown in Figure 17.
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Figure 17: Signature produced by a person running [42]

By observing the accelerometer data and identifying unique signature patterns,
Nagpal [42] provided a helpful approach for the correct and reliable identification of

different types of steps.

Another useful approach for step detection is presented in [32], by continuously
sensing and analyzing the data received from the accelerometer. Firstly, it defines
two thresholds6 A andé A to represent the | evels fo
and Adowno pat t.eérrepsesentetepaecrageiovtieelseries and A
the standard deviation, and an undefined state ~ . Considering acceleration
magnitudes of G 8 & , where & is the most recent data received and mapped
to a bit according to the mapping shown below:
p QY A

0 ® IYOX 5! A
- I OEAGXx EOA

)
o

This mapping yields a sequence of bits. The technique merges consecutive 1s into
asingle bit1,0sto0,and"sinto"to form a step withOa@a. patt
Whenever a step is detected, it will be reported to the map matching process for

enhancing the localization accuracy.
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2. Step length and Distance Estimation

AThe step | ength varies from person
related t o t[#0p Acpoedihgets duret ah [BY the step length can be
modeled as a linear combination of a constant value and the step frequency,
combining the walking frequency and the acceleration variance, as shown in the
formula below:
YO QMREMO 200 [ 28 @ [

where w "Ois walking frequency, 0 ais a variance of the accelerometer magnitude
between steps, and | ,f ,[ are pre-learned parameters according to the pre-
calibration using a supervised method as described in the step detection section.
Another approach for estimating the step length was proposed in the AutoGait
system [43], which is a system that builds a walking profile for each user, through
the gathering of GPS segments along with his steps. At the end of each segment
the step frequency is averaged along with the length of each step, these values
are then inserted into a regression model which, with enough samples, would
outputs a linear function that represents an approximation of the linear relation
between step length and step frequency. This model is consulted during step

detection to obtain the length of a given step with frequency f.
3. Direction Estimation

The travel direction of a user can be measured using techniques mainly based on
the orientation sensors provided by mobile phones. These sensors combine data

from different IMUs such as the gyroscope, magnetometer, and accelerometer.

t

o

per

ATr avel directi on c dahe anguar desgacemema based onusi ng

gyr oscope [F]eGubscopgdata is with respect to the Cartesian frame of
reference of the phone itself. The gyroscope measures either changes in
orientation or changes in rotational velocity (rate gyro). The magnetometer sensor
measures the changes in the Earth's magnetic field. It provides the raw magnetic
field strength in units of microtesla (¢ ). The orientation sensor is a software
sensor and measures the position of the device relative to the Earth's frame of
reference, by processing the raw values of the accelerometer and magnetometer

sensors [42]. The combination of these sensors can be used for PDR orientation.
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2.3.3 Related Systems and Comparison

Study 1: AnDReck Positioning estimation using PDR

AnDReck: Positioning Estimation using Pedestrian Dead Reckoning on
Smartphones [44], is a system developed by Carlos Simdes, a student at Instituto
Superior Técnico de Lisboa, for his MSc dissertation. The system was designed to
provide accurate positioning of a pedestrian in both indoor and outdoor conditions;

the positioning technique used was pedestrian dead reckoning (PDR).

Acceleration Steps Distances s Positions
. Step Length Position
- ,| Step Detection > X . > . . 'ﬁ
P Estimation Estimation
><1><2><3><4><5
Compass Orientation Orientation
Estimation

Figure 18: Study 1 System Architecture [44]

The proposed architecture is designed accounting for two different usage
scenarios: Calibration and Positioning Estimation. In the Calibration scenario, step
and location data are used to calibrate the step length model, while in the
Positioning Estimation scenario step and orientation data along with the calibrated
model are used to generate positions iteratively. The step detector receives an
input signal from built-in sensors and analyses it. These samples serve as input to
a modeler that estimates the step length as the samples arrive. The orientation
estimator receives orientation information from built-in sensors and combine them
with the step length data; this information is passed to the position estimator that

produce a single position iteratively.
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Study 2: PDR using Barometric Elevation and Map -Matching

This is a study developed by Broyles et al. [45] aimed at the development of a
real-time, self-contained outdoor navigation application that uses only the existing
sensors on a smartphone in conjunction with a preloaded digital elevation map.
The proposed algorithm implements a patrticle filter that fuses sensor data with a
stochastic pedestrian motion model to predict the user’s position, then it compares
the smartphone’s barometric elevation with the digital elevation map to constrain
the position estimate. Figure 19 shows the block diagram of the solution.
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Figure 19: Study 2 Algorithm Functional Block Diagram [45]

The process begins with the initialization of the particle filter with an initial location

provided. When a step is detected the particles are propagated using the current

heading input and randomly generated values for step length deviations and

biases. When a barometric elevation measurement is available, the elevation
corresponding to each particledbds | ocation
model in the update stage. A likelihood function is then evaluated which assigns
particle weights based on how <cl osely eac
realized measurement. Particles with elevations that closely match the barometric

elevation are more influential in the final position.
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Study 3: Hybrid Outdoor Fingerprint Localization

A hybrid outdoor localization scheme with high-position accuracy and low-power
consumption is the title of a study developed by Hongwei Du et. al. [33]. The study
explored WIFI fingerprinting, sensor information, and GPS statistics in order to
develop a hybrid outdoor localization scheme utilizing crowdsourced WiFi signal
data and built-in sensors in smartphones. The architecture of the proposed

solution is presented in Figure 20.
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Figure 20: Study 3 System Architecture [33]

The proposed scheme consists of two phases to locate mobile devices. In the first
phase, an offline WiFi fingerprint database is constructed via crowdsourcing
technique. This database includes not only the WiFi fingerprint data but also the
GPS statistics. In the second phase, the real-time WiFi and GPS measurements
are used to match the records in the database to achieve localization. To improve
the localization accuracy and matching speed, it divides the map into map tiles
using a map tile cache mechanism and sensor readings to limit the matching
space. The location of the fingerprint with a minimum difference will be selected as

an estimation for the location of the device.



Comparison

All three systems analyzed propose alternative solutions for outdoor localization to
achieve more accurate positioning in challenging environments. The study 1
proposed a solution without the use of GPS and that can be used offline; the
solution is based on a core implementation of the PDR algorithm with an improved
step length estimation technique, the results of the simulation scenarios were
good. The study 2 introduced a new approach to improve the accuracy of PDR
implementations by correcting possible precision errors of the IMUs using a map-
matching technique with a digital elevation map, the solution can be used offline
and presented relatively good results. The study 3 proposed a hybrid approach,
combining wifi fingerprinting, GPS measurements and built-in inertial sensors, the
results obtained were very satisfactory when compared to a simple GPS
implementation, but it cannot be used entirely offline. The variables that will be
used to evaluate the three systems are related to localization accuracy obtained in
the testing experiments realized in each study. The technologies, and techniques
used in each study will also be considered to derive the advantages and

disadvantages of each approach. The comparison is presented below in Table 3.

Study | Technologies Advantages Disadvantages

Study 1 | PDR with Step length Offline & non-GPS based, | Weak IMUs error

model Low power consumption, | drifting handling,
Automatic step length
calibration
Study 2 | PDR with Map Non-GPS based, Weak step length
Matching, Particle filter, | Robust implementation, estimator.
and elevation sensing Robust  error  drifting
handling,

Much precise than regular
PDR and basic GPS.

Study 3 | WIFI fingerprinting, Big infrastructure, Online and GPS
PDR and GPS statistics | Highly accurate, based
Map-matching considered.

Table 3: Comparison table of the systems analyzed in this document.
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2.4 Summary

This chapter presented the state of the art in the fields under study in the present
dissertation. With the literature review on augmented reality, it was clear that this
technology provides numerous advant ages and it 0.sButan
addition to having advantages, the implementation of mobile AR solutions still
faces some challenges, mostly related to limited memory, limited computational
capability, and power consumption, since AR applications consume resources that
can affect battery life and the efficiency of the mobile devices. Another challenge is
the localization accuracy, and motion fingerprint localization solutions can be an
alternative in non-GPS enabled scenarios. Considering the related systems
comparison realized in section 0, the most suitable motion fingerprint technique for
the problem introduced in the present work is pedestrian dead reckoning (PDR),
considering that it can bring more accurate positioning in offine mode and using

only smartphone built-in sensors.
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3. Architecture

This chapter presents the architecture of the proposed positioning solution.
Section 3.1 describes the functional and non-functional requirements considering
special constraints identified in the problem formulation, and section 3.2 presents
an overview of the architecture and a description of the role of each of its

components.

3.1 Requirements

The architecture proposed in this chapter is based on the literature review,
including relevant systems and novel techniques to build a solution that is capable
of outputting relative positions during pedestrian locomotion especially in outdoor
conditions. The architecture defines a set of structures including software
elements, relations among them and properties needed to reason about the
specific solution. Considering the problems identified in the present work, the

solution must comply with the following requirements:

I.  Functional requirements: It must have the ability to increase the
opportunities for positioning in challenging environments, in the absence of
a network signal and without the use of global positioning systems. To
achieve this, it should be able to accurately detect steps, estimate distance
traveled, estimate pedestrian orientation and estimate the current position.
[I.  Non-Functional Requirements: They consist of the following quality attribute
requirements: availability, interoperability, performance and functional
correctness.
1 Availability: PAvailability refers to the ability of a system to mask or repair

faults such that the cumulative service outage period does not exceed a
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required value over a specified time intervalo[46]. In the present work, this
requirement involves the study and identification of the main aspects that
affect the availability of PDR based systems and implementation of fault
tolerance and error recovery mechanisms. The availability tactics that will
be used are ffault detectionoand ffault recoveryq by detecting and handling
exceptions in every component.

Interoperability: Al nt er o p e r atkhe ldagreeyto whgh taoboo more
systems can usefully exchange meaningful information via interfaces in a
parti cul g46]. As itia neeegsaryito make readings from the device
sensors and communicate these data to the Unity engine, the solution will
contain an interface between the Unity engine and the Android OS. To
achieve a reliable communication, the interoperability tactic that will be used
is the fimanage interfaces orchestrateg which is a tactic that uses a control
mechanism to coordinate, manage and sequence the invocation of
particular services [46]. Using a specific interface, the Unity-based
application will integrate and access the PDR solution.
Performance: il t ' s about time and the s
ti mi ng r e J46] thegpenfermanse dactic that will be used is fcontrol
resource demando by managing the sampling rate. The readings made by
the PDR system will be based on event listening, only executing operations
when specific conditions are met or every time when a step is detected.
Functional Correctness: This requirement involves the improvement of
positioning accuracy and precision, since GPS provides an average
accuracy error of approximately 15 meters without environment
obstructions, the proposed solution should provide more accuracy within
the urban park under study. The correctness of the positions provided by

the solution will be improved using a map-matching approach.
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3.2 Architecture Overview

Considering the literature review and the specific requirements identified in the
previous section, PDR is an appropriate approach to provide a solution to the
presented problem, as PDR systems provide accurate positioning using low power
consumption inertial sensors. The proposed solution will be implemented as an
Android library that can be integrated into Unity-based applications or other

Android based applications. The block diagram of the system is presented below.

: . PDR
Initial position
provided
Step Detector Step Length Position
— . —> —
Estimator Estimator
IMU —
Orientation
Accelerometer
> Estimator
Gyroscope
Magnetometer
v
Localization
Manager
Unity
Engine

Figure 21: Block Diagram of the PDR library

The proposed architecture contains four main components, the initial position, the
inertial measurement unit (IMU) sensors integrated in mobile devices (3D
accelerometer, 3D gyroscope and 3D magnetometer), the pedestrian dead
reckoning library, which consists in a step detector, a step length model and
estimator, an orientation estimator and a position estimator, and finally a
localization manager which is an interface that allows the integration of the PDR

library with the Unity engine, in this case, the EQUPARK game-like application.
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The initial position is a latitude-longitude coordinate provided when the location
system is launched: it serves as initial contextual position to start recording the
pedestrian locomotion. In the present work, these initial positions will be based in
specific points in the urban park and in positions of specific fiducial markers that

initialize certain game paths.

The inertial measurement units (IMUs) consist of smartphone sensors that will be
used to record motion fingerprints: the readings from the accelerometer are used
to detect the traveled distance, while readings from the compass (accelerometer
and magnetometer) are used to estimate the orientation. These IMUs are
accessed from the PDR solution using Android motion sensors APIs. IMU sensors
can suffer from drifting errors, which are accumulated acceleration errors that grow
indefinitely. This happens even faster if the sensors used are low-cost, since each
update accumulates even higher errors. To overcome this problem, the technique
that will be used is called low-velocity updates [47], which consists of resetting the
acceleration errors whenever a step is detected. Errors may still occur, but they do
not accumulate as quickly.

The pedestrian dead reckoning (PDR) solution consists of two phases or
scenarios: step length model calibration and positioning estimation. In the first
scenario, the initial position provided, and step data obtained from the sensors are
used to calibrate the step length model, while in the positioning estimation
scenario, having the already calibrated step length model, step and orientation
data are used to generate positions using a PDR algorithm that will be described

later. This second scenario runs iteratively along the pedestrian locomotion.

The Location Manager is an intermediary script that allows the integration,
instantiation, and invocation of PDR services from the Unity environment, in this
way the PDR solution can be used in any Unity-based application. The component
also has the map-matching implementation, which map the location provided by
the PDR solution to the map of the area of interest to improve the precision of the

localization solution.
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An initial localization coordinate (latitude, longitude) is provided when the PDR
solution is launched, then the system listens to every event generated by the IMU
sensors to detect steps. For every step detected the system performs a distance
estimation based in the initial position and the step length model. The distance
data combined with the pedestrian orientation data (also obtained from the
sensors) and using a specific algorithm will result in a relative position output
which will be matched to the area of interest in a posterior and independent
process of map-matching to estimate a precise location of the pedestrian. This
process is initialized every time the game-like application needs localization

services.

3.3 Summary

In this chapter, the architecture of the proposed location solution was presented.
The need for a robust localization solution that can solve the regular constraints in
the use of GPS justified the choice of pedestrian dead reckoning approach. In this
context, the proposed architecture defines a set of tactics for availability,
interoperability, performance and functional correctness of the solution. The
proposed solution consists of a PDR library that can be integrated in any Android

based application.
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4. Implementation

This chapter presents the specific aspects regarding the implementation of each
component of the PDR solution. Section 4.1 presents the implementation of the
step detector component. Section 4.2 presents the aspects regarding the
implementation of the step length estimator and the final distance estimations.
Section 4.3 presents the implementation of the orientation estimator and section
4.4 the implementation of the position estimator. Section 4.5 presents the analysis
class diagram of the solution, and at last, section 4.6 presents the aspects
regarding the integration of the PDR solution with the EduPARK application.

4.1 Step detection

The step detection component is responsible for the identification of steps given by
the pedestrian irrespective of device pose in smartphone usage environments.
The technique employed to identify the steps is based on the accelerometer data,
decoupling peak-valley relationships in the magnitude of acceleration. In this
context, a step consists of a peak and its adjacent valley. To achieve a robust step
detection this implementation introduces small adjustments to the step detection

technique and considerations proposed by Nagpal [42], as described in 2.3.2.

The step detection component is based on the Android step detector and step
counter motion sensors. Those are very similar software sensors used to count
steps: both sensors are based on a common hardware sensor, which internally
uses the accelerometer, although Android still treats them as logically separate
sensors. These sensors are battery optimized and consume very low power [42]
[48]. The step detector sensor triggers an event each time a step is taken by the

user, which corresponds to when the foot hit the ground generating a high
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variation in acceleration. This sensor has very low latency in reporting the steps,
which is generally within 1 and 2 seconds. The step counter sensor returns the
number of steps taken by the user since the last power-on of the phone. The step
detector sensor has lower accuracy and produces more false positives compared
to the step counter sensor [42]. Although being more accurate, the step counter
sensor has more latency, as it uses extra time after each step to remove any false

positive values.

The localization solution must estimate the position of the pedestrian for every
step the user gives since the system is launched. The step detector sensor is the
appropriate sensor for that purpose: It has very low battery consumption and is
highly optimized on the hardware level. The implementation of the step detection
component consisted of the creation of the StepDetect or , which implements the
SensorEventListener interface so that it can receive sensor events. Firstly,
the Android SensorManager and Sensor objects are initialized in the constructor

using the identifier constant Sensor. TYPE_STEP_COUNTERS shown below.

public  StepDetect or (SensorManager sm){

this.s ensorManager =sm;

this.  sensor = sm.getDefaultSensor(Sensor. TYPE_STEP_DETECTOR);
}

The step detector sensor is registered in the start () method and unregistered in
the stop () method. This means that in order to use the library, first it must call the
start () method in order to register the sensor and after finishing unregister it with
the stop () method. Every time a step occurs the onSensorChanged method is
triggered, which starts processing the step length, orientation and new position
estimation using the StepDetectionListener , which is an interface that
initiates the execution of the other components. This process runs iteratively for
every step detected. The complete implementation of this component can be
consulted in Appendix D.
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4.2 Step length and distance estimation

Step length and distance estimation is a process that aims at the precise
quantification of traveled distances during pedestrian locomotion. The first
approach that was considered but discarded later was proposed by Cho et al. [43],
consisting in the development of a walking profile for each user in an early learning
phase, recording the step frequency along a segment and inserting the values in a
regression model, this model is used during step detection to obtain the length of a
given step with a certain frequency. The approach implemented was proposed by
Nagpal [42], consisting of the classification of each step detected as frunningq
fjoggingd or falkingg this classification is based on the magnitudes of the
accelerometer data, as described in section 2.3.2. The study experimental data
found that walking a single step covers approximately 0.5 meters, jogging a single
step covers approximately 1 meter and running a single step covers approximately
1.5 meters. Using Nagpal's experimental data will provide a simple but concise
approach for defining the lengths of each step that is given at a certain point,
multiplying the distance covered by each type of step with their respective
numbers to get the total distance traveled. Another affordance of the Nagpal's
approach is that it will avoid an additional operation to consult the length of a
specific step in a model during step detection, in that way improving the efficiency
at a cost of not estimating the length based in the specific user profile but in the
averaged values provided by the experimental data.

The implementation of the step length estimation is made in the step detection
phase: when a step is detected the event that is triggered performs the invocation
of the respective operation in the StepDet ectionListener , which specifies the
step length based on the classification of the step; the values are based in the
experimental data obtained in the Nagpal [42] tests. The complete implementation

of this component can be consulted in Appendix D.
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