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Resumen

El seguimiento de personas en situaciones de movimiento en interiores es a dia de hoy uno de
los retos mds importantes para dispositivos de navegacidon personal y en aplicaciones para
sistemas globales de navegacion.

La capacidad de seguir y reconocer de forma exacta el comportamiento vy las secuencias de
actividades que llevan a cabo las personas, supondria un crecimiento significante en las
posibilidades y utilidad del conjunto de aplicaciones basada en localizacién, especialmente en
entornos de interiores.

El objetivo de este trabajo de investigacion es implementar y evaluar un conjunto de
algoritmos que permitan el seguimiento ubicuo de los movimientos que los humanos
realizamos en el interior de edificaciones utilizando Unicamente sensores integrados en los
dispositivos méviles de ultima generacién como smartphones o tablets.

El disefio de estos algoritmos estd basado en dos fuentes de informacidn: por una lado el
concomimiento biomecanico y de las secuencias de movimiento que el cuerpo humano
produce en la realizacién desplazamientos cotidianos como andar y subir o bajar escaleras. Por
otro lado el reconocimiento de patrones en los datos recogidos por los sensores; ya que
ciertos eventos que los usuarios realizan en interiores como giros en esquinas o el uso de
ascensores, producen huellas identificables en el conjunto de valores adquiridos.

La evaluacién de nuestro sistema de seguimiento muestra buenos niveles de exactitud en los
algoritmos que detallan las actividades una vez identificadas y resultados aceptables en la
compleja tarea de clasificar correctamente entre las posibles actividades.

Nuestras propuestas en el tratamiento de las sefales recogidas a partir de los multiples
sensores integrados en gran variedad de dispositivos portables, permiten aumentar su
funcionalidad siendo capaces de reconocer automdticamente entre un conjunto de
actividades humanas y de crear rutas de seguimiento de los movimientos de los humanos en
escenarios de interiores.
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Abstract

Tracking pedestrians in indoor environments is one of the most challenging areas of
application for Global Navigation Systems (GNSS) in personal navigation devices. The capacity
of following and recognize pedestrian behavior accurately can lead to significant growth in
location-based applications, especially in indoor scenarios.

The goal of this research is to present and evaluate a group of algorithms for accurate and
ubiquitous tracking indoor pedestrian activity using exclusively wearable sensors embedded in
smartphones. The knowledge in biomechanical patterns of the human body while
accomplishing basic activities (such as walking, or climbing up and down stairs) , with the
identifiable signatures that certain indoor locations (as turns or elevators) introduce on sensing
data, are the base for our set of algorithms.

The experiment results show a good level of accuracy in the motion tracking algorithms and an
adequate classification of indoor activities.

Our approach of signal processing leverages the smart phones sensors functionality to
recognize automatically human activity and to create motion traces for following pedestrian
movements in indoor locations.

Juan José Marrén Monteserin | Mdster en Ingenieria Web - Escuela de Ingenieria
Informadtica - Universidad de Oviedo




Cooperative and multi sensor Indoor Location system

Keywords

Indoor location and positioning, mobile devices, Android, activity recognition, data acquisition,
sensor fusion, accelerometer, gyroscope, magnetometer, pervasive computing.

Master en Ingenieria Web - Escuela de Ingenieria Informatica - Universidad de Wi
Oviedo | Juan José Marrén Monteserin



Cooperative and multi sensor Indoor Location system

Contents

CHAPTER 1. INTRODUCTION ....ccceueeeemeemneeenneeeensmmsessssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnnnnnnnns 13
1.1 IMIOTIVATION . ¢t tttteeeeeeeeettiee e e e e e ettt ee e e e et eeetaa e e e e eeeaasaa e eeeeeaaasaaa s eeeeeaasannnsseeeeeassnnnsseeeeessssnnnseeeeeenes 13
1.2 AIMS AND OBJECTIVES 11veeuuvteeeeereeeseusreeasussessasssesesasssssasssssesasssesesassssssssssesasssssessssssssssssessessssssssssesenns 14
1.3 CHALLENGES +.vtttttetuvesssssesssasssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnsnsssnsnsnsnnnne 14
1.4 POSSIBLE USES AND APPLICATIONS ......uvvveeeereeeseereeessseeeassssessasssssessssssesssssesssssssssssssssessssssssssssssesnnsens 14
1.5 STRUGCTURE 1.ttttttttttusesssasssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnsssssssnsnsssnnnne 15

CHAPTER 2. RELATED WORK ....ccceeeeeeemmenneeeeenneeeeemmmmsssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnnnnnnnns 16
2.1 BACKGROUND ...eeeeieiutrteeeeeeeesitteeeeeeeeeeeettsareeeeeesassssaeeeeeesaasssaaesaeeeaasssaaseaessasasssaseeeesesssssnseaeeeanes 16
2.2 CURRENT ALTERNATIVES AND SYSTEMS ..uvvveeeiutreeeesureeeeesaeeesssseesasssseesasssssessssssesssssssessssssssssssssssnssesenns 16

CHAPTER 3. THEORY ...ceiiiiiiiiiiiiieiieieeteeteeeeemseesseesessssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnnss 18
3.1 GLOBAL POSITIONING SYSTEM ..tteeeettiieeiutreeesiuseeeasssseeseissssesasssssassssssssssssesssssesssssssessssssesasssssssnssesenns 18

G2 B O 1V - o/ -1 S 18
3.1.2  COMPONCNLS .. e e nnans 18
3.1.3  POSItiON COICUIQTLION ...ttt ee ettt e e ettt e e e e e s s aaeeeseesassanaaeaens 19
3.1.4  Limitations QN CONSEIQINTS. .....cccceeeueeieiiieeeeeeciiieeee e eeesc e ttte e e e e e see e e e e e ese sttt eaaeesssssssaeesaeaeas 19
3.2 INERTIAL NAVIGATION SYSTEM ...uutvrieeeeeeieiurereeeeeeseiiusseeeeeessesisssseeseessesissssssesssesssssssssesssenssssssssssesennes 19
22 N Votol <] =] g0 ) T-1 1 =J (OSSPSR 20
3.2.2  GYFOSCOPE e e 20
12070 T 1Y/ o To 1 T4 0 ) .0 1=1 1 =1 21
33 IMIOBILE PLATTFORM «..vtteeeutteeeeaueseeesnseesassseeesanssesssssessasssesssassssssssssssssssssnesanssessssssesssssseessnnssessnnsnees 22
3.3.1  ANdroid OPerative SYSEEIM .......cccccecuuuieeeieeeeeeeiietee e eeetcc et e e e e e s sttt a e e e e esesssseaaaeessssssrasaaaaens 22
G I Vo 1o [o g [ I Y= (X Yo ] g Y o S USRS 23
3.3.3  SAMSUNG GAIAXY Sll oottt ee ettt e e e e e e ettt e e e e e e ssssseaaaeesssssssanaaaaeas 25
3.3.4  Inertial SENSOIS QUAIILY TESLS ...cccuveeeeeeieeeeiiie ettt e e e te e e ette e s ete e e sttt e e s e sataaessaeassssseaenns 25

CHAPTER 4. SYSTEM APPROACH ... ceeeccceeeceeeeerrrneisisinessssssssssssssss s s s s s s s s sssssssssssssssssssssssssssssssnnnnnns 30
41 SYSTEM DEFINITION ..teteeutteeesureeesasureeesaussesessaeesasssesessssesssssssesesssssesanssssesssssesssssssesassssesssssseessnsseesnns 30
4.2 INDOOR ACTIONS ..ueieieieieiesesssesesssesesesesasesssesasesssesssssssssssasssssssesssesssssssssssssssssssesssssesesesesssssssesssessses 31
4.3 KEY CONCEPTS ..ttt eitteeeetteeeeetteeesaaeee e staeesassseeessnseeeasssaaeeasseeeesnseeeasseeesansseseaasseeeesnsseeeannssessnnnnnes 31

CHAPTER 5. SYSTEM DESIGN......ccuiiieirieirinereeerenerreseresssressressssnseressssnsesessssnsessssssnsessnsssnssssnsssnsesnnne 33
5.1 DATA COLLECTION MODULE....eeeuuvttresueteeeesreeesasresessseesassseeesasssssesssssesessssessasssessssssssssssssessansssesssnsnees 33
5.2 TRACES SEGMENTATION MODULE ..uuuuutueiesesesesesesesesesesssesesesesssssssssssssssssssssssssssssssssssssssssssssssssssssessses 33

5.2.1  Turns detection QlgoOrithmM...............ooceeeeeeeiieeeeee e e e e et e s ta e e et aesetea e ssareaaeaas 33
5.3 ACTIVITY RECOGNITION MODULE ... eieiesesesesesesesesssssesesesesesssesesnsssasssssssssssssssssssssssssssssssssssssssssssess 36
T 2 A 1 1= o [ (oYl (=) OO TSRS UT PP 37
5.3.2  SEQUONAIY (SY):eeeeeeeeeeeeeeeeeee ettt e ettt e e ettt e e ettt e e ettt e e et e e e e stseaesatssasessssaesssssaanns 38
5.3.3  Walking (W) @nd StQIrs (St):...oeeemueeeeeeeeeeie et tee ettt e et e e st e e s tta e e et aessnseaassasaaanaas 38
54 TRACES DETAILER IMODULE ...t sesesesese s e s s e s e e e s s e s e s s e s a s e s s s snsnsnsnsnsssssssssnsennss 39
5.4.1 Step detection and distance estimation algorithm ..............cccccveeevvveevciieeeeciiseecceee e, 40
5.4.2  Stairs detection and counting algorithm.................cccccveevieieeeeciciiieee et e e e screeaa e 42

CHAPTER 6. SYSTEM IMPLEMENTATION ....coiiiiiiiiiiiiiiiiiiniinieisesessssssssssssssssssssssssssssssssssssssssssssssnsannns 45

6.1 IMIOBILE APPLICATION ....eeeeutiteeeureeeeetseeeeatseeeeasseeeeasseaaeasseseeasssesaasseseaansasseaasseseeassasasssseseeansseseanssens 45

Juan José Marrén Monteserin | Mdster en Ingenieria Web - Escuela de Ingenieria
Informadtica - Universidad de Oviedo




Cooperative and multi sensor Indoor Location system

6.2 SERVER SIDE 1iiiiiieieieieiieeeeeeieeeeeeeeeeeeeeeeeteeeeeaeeeteeeeeeeseteseeeseseeeseeeeeeesesesesereeesereeeseeseesseerereeeeeseeesererens 46
6.3 PROGRAMMING LANGUAGES ....etttuieittieeettieeeettieeestneeestneessteeeessnneessnnesssnneesstnesssnnsesssneeesssnneessnneeres 46
6.4 DEVELOPMENT TOOLS.1vvtvuvururerersrererssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnnnns 46
CHAPTER 7. EVALUATION ...cuctiuieecreeieeenereenceencrenserasessnsersssssnsesessesasesassesnssssssessssssssesassssnsesansesanssnnne 47
7.1 IVIETHODOLOGY vvvvuvevureressseresssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnnnns 47
7.2 RESU LTS . ttttuieeeeetetttie e et eeetetar et eeeeeestar e seeessaataaaasessrssstannsesesssssstannasessssssnnnnseesssssssnnnnsessssssrnnnnanees 47
7.3 DDISCUSSION Luvvvuvururerareresesssesssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnsnsnnnne 48
CHAPTER 8. CONCLUSIONS.....c..ceeieeiereeerenereencrencrenseressssnseressesnsessssssnsessssssassssnsesassssnsesassesnsesansesnnsns 49
CHAPTER 9. FUTURE WORKS ....ccucitteierienniertenniereensierennseereanssessnnssessnnssessnssssssnsssessnssssssnssssssnssssssnsnns 50
CHAPTER 10. REFERENCES .......ccccetteiitenereeeeenereenernncrenscrasssensesessssnsesessssnsesassesnsesassesnsesassssnsssansennsssnnne 51
CHAPTER 11.  APPENDICES......ccttteeitteeertennreetennsertenserrenssessenssessenssessnnssessnssssssnssssssnssssssnssssssnsssssannnns 53
APPENDIX A: CONTENT IN THE CD-ROM SUBMITTED...uuuueiiiiieiiruiieeeeereeetieeeeeseersssneeeeesseessnnaesesssssssnnseeeees 53
APPENDIX B: JOURNAL PAPER ..o it et ittt ettt e te e eeeeeeeeteeeseteneseseseseseeeseseeeeeseseeesesesesesesesesesesesesesnsens 54
APPENDIX C: ANDROID SENSOR APISEMINAR ...evvteietiiiiieiiiieeeeeeerttiieeeeeeeesrataeseesrsesssnaeeeesessssanaeeeessesssnans 57

Master en Ingenieria Web - Escuela de Ingenieria Informatica - Universidad de
Oviedo | Juan José Marrén Monteserin



Cooperative and multi sensor Indoor Location system

List of tables

Table 1: Samsung Galaxy S Il SGH-1777 specifications ...........eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeseeeeessesssmmsanne. 24
Table 2: Accelerometer test reSUILS .......ceeveeeeeeiiieeeeeeeieiinmeeiieeieieiieieseeeeeseessssssssssssssssssssssssssssssssssssssssssss 27
Table 3: GYroscoPe teSEt FESUILS......cuueeeeeeeeeeeeeeeeeeeeeeeteeeeeeeeeeeeeeeeeeeeeesesssssssssssssssssssssssssssssssssssssssssssnnnnnnns 28
Table 4: Magnetometer test reSUltS.........ccovvveiiiiiiiiiiiieiie s sass e 29
Table 5: Step counting tests reSUILS ......cceeeeeeeeiiiiieiiiieeieieeeeieeeeeeeeeeeeeeeeeeeeeeeesesseesssesssssssssssssssssssssssnssnnnns 47
Table 6: Turns detection tests reSUILS ..........eeeeeeeerieeeieieiieeenieiieieeieeeeeeeeeeeesmssesssssssssssssssssssssssssssssssssssssss 47
Table 7: Stairs couNting te@St r@SUILS .....cceeeeeeeeeeeieieeeeieeeeeeeeeeeeeeeeeeeeeeeeeeeeseeesesssssssssssssssssssssssssssssssssssnnnnns 48
Table 8: Activity classification tests results ...........eeeeeeeeeeeeeereeeeeeniiimeieeeienenieeieseesssssssssssssssssssssssses 48
Table 9: Contents in the CDROM ........cciiiiiiiinnnreiiiiiiisisnnmeeiiiiisssssssessiisisssssssesssssssssssssessssssssssssssssssssss 53

08 Juan José Marrén Monteserin | Mdster en Ingenieria Web - Escuela de Ingenieria
Informadtica - Universidad de Oviedo



Cooperative and multi sensor Indoor Location system

List of figures

Figure 1: Android Architecture diagram ........cccceiiiiiiiiiiiiiiiiiii e s e s e e s s e e e eeeees 23
Figure 2: Android Sensor APl Iayers.........cccoveeeeiiiiiiiiiieeneiiiininieeesnsssssees s sasssse s ssasse e s s sees 24
Figure 3: Samsung Galaxy S Il SGH-1777 ..ot s e s s s s s e s sssssssssssssssssssssssnnnns 25
Figure 4: Coordinate system that is used by the Sensor APl ..........ccccceiiiiiiiiiinn 26
Figure 5: Acceleration oUtpUL X, Y @Nd Z aXeS.....ccviiiiiiiiiiiiiiiiiiiiieiiieeieeeeseesessessssssssssssssssssssssssssssssssssssnnns 27
Figure 6: Rotation output X, Y and Z aXes.......cccviiiiiiiiiiiiiiinissssssssssssssssssssssssssssssssnn 27
Figure 7: Magnetic field output X, Yy and Z @XeS......ccceviiiiiiiiiiiiiiiiiiiiiieiiessssssssssssssssssssssssssssssssssssssssssesnnns 29
Figure 8: Floor plan example. First floor of fine Arts Hall Building at University of South Florida ......... 30
Figure 9: HUMaN At CYCI@ ...cciieiieeiiiecccceceeerrrrrrrrrrrrrre e e e s e e e e s s e e e e e e s e s e e s e e e s e s e s sssesssesessssnsnnenannannnnns 32
Figure 10: Turns detection algorithm signals.........ccccciiiiiiiiiiiiiiin 35
Figure 11: Example of pedestrians states in indoor trace split by turns..........ccccceeeiiiiiiiieiieiiceeeeeeeeeeeeees 36
Figure 12: Decision tree to classify the possible indoor states..........ccccviiiiiiiiiiiiin, 36
Figure 13: Transition of Magnetic Field energy outside and inside an elevator ........cccccceeeeeereeeeieeeenneens 37
Figure 14: Energy of acceleration values for an up direction elevator travel ...........ccccceeerriiiiisinnnnnnnnn. 38
Figure 15: Variance of energy acceleration in walking and stairs states ........ccccceeeeeeeeiieeeeeeeeeeeeeeeeeeeenes 39
Figure 16: Calculated speed and distance by integrating acceleration.........ccccccvviiiiiiiiiiiiiiiiiiiinininnnnnnn, 40
Figure 17: Step counting algorithm SigNals ........cccceiiiiiiiiiiiiicccceecee e e e e e e e e seeeeeeees 42
Figure 18: Stair counting algorithm signals.........ccccciiiiiiiiiiiiiiin 43
Figure 19: Mobile application SCreenshot........ccccceeeeeiiiieiiicccceccc e e e se e s e e e e e eeees 45

Master en Ingenieria Web - Escuela de Ingenieria Informatica - Universidad de [k}

Oviedo | Juan José Marrén Monteserin



Cooperative and multi sensor Indoor Location system

List

of equations

Equation 1:
Equation 2:
Equation 3:
Equation 4:
Equation 5:
Equation 6:
Equation 7:
Equation 8:
Equation 9:

Equation 10:
Equation 11:
Equation 12:
Equation 13:
Equation 14:
Equation 15:
Equation 16:
Equation 17:
Equation 18:
Equation 19:
Equation 20:
Equation 21:

Accelerometer error POSItioN......ccccciiiiiiiiiiiiiiiiiirsssssssssssssss s s s sss s s s s s s s s s s s s s s s s s s s ssssnsssnnnns 20
(00T o] [E=T =Tt 8 0 o o 21
ANBUIAT SYFOSCOPE EITON ...uuuiicciiiisiiissssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssns 21
Measured acceleration by the accelerometer..........ooueeeeeceeeiiiieeeeccceeirrreeeeeeereeeeeeneeees 26
Error angle estimation from angular speed.............eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeseemennnn.. 28
Mean of three axis COMPASS VAlUES .......cceeeereeeeeeeeeeenenneeneeemeeeenmemmmmmssssssssssssssssssssssssssssssssss 34
Energy of COMPASS QVEIAZES ....ccceeeeeeeeereeeeeeeeeeeeeeeeesssesssssssssssssssssssssssssssssssssssssssssssssssnsnnnnns 34
Energy of a simple compass Sample.........ceeeeeeeeeeeeeneneneeeneeeeeeeeeneemmmmmesssssssssssssssssssssssssssssss 34
Average of energy for a compass sample in a set Window ........ccccceeeeeiiiiiiiinieiiccceccccccennnns 34
Threshold to detect heading changes ........ccccciiiiiiiiiiiin 34
MainSignal function definition.........ccccooeeeeiriieiirrirrcccrrrr s 35
Mean of three axis acceleration values..........ccccceeeiiiiiiiiiineniiiiiniinnneneneeeee e, 40
Energy of acceleration averages.........cccccceeeeerccccrcssssssssssssssssssssssssssssssssssssssssssnssssnsssssnsnnns 41
Energy of a simple acceleration sample ........ccccoevviririiinininnninnninnnninnn. 41
Average of energy for an acceleration sample in a set Window .........ccceeeeeveriieeiinieeeenenns 41
Threshold to detect swing step phase.......cccccviiiiiiiiiiiiinn 41
Threshold to detect stance step phase.......cccceeeeiiiieeiecccccce e 41
Discrete implementation of a low pass filter .........ccccevviiiriiiiiiininninnnnnnnnnnn, 42
Bias compensation for the energy filtered signals.........cccceeeriiiriiiiiiiiiiicccccccccccccccccccccee, 43
forwardSlope and backwardSlope functions definition..........ccccciiiiiiiiiiiiiinnnn, 43
peakMean function definition ..........cccccoeeeerriciccrrrrccrrccr s s 43

iWW Juan José Marrén Monteserin | Mdster en Ingenieria Web - Escuela de Ingenieria
Informadtica - Universidad de Oviedo



Introduction | Cooperative and multi sensor Indoor Location system

Chapter 1. Introduction

1.1 Motivation

Impact of mobile computing devices such as smartphones or tablets is nowadays overtaking
the popularity of traditional desktop computers. The paradigm of computing has evolved in
recent years reducing the prizes of the devices and extending its features, processing power
and mobility capabilities. Thus, the interests in location-aware services and new modalities of
context interaction have been spurred as well as the development of a platform for a whole
range of mobile applications that can make use of location, particularly in wellness sector [1]
and in the entertainment business.

This rapid growth in people-centric mobile computing applications has led to improvements in
localization technologies, not only in terms of localization accuracy, but also across multiple
and specific dimensions as power consumption, ubiquity or universality of access to the
positioning. Outdoor localization is successfully solved by Traditional GNSSs, such as Global
Positioning System (GPS)-based scheme or cell tower localization. However, these
technologies are unable of tracking the user’s position in indoor scenarios where most of them
spend the majority of their daily lives (offices, schools, universities, malls...). In contrast to
outdoor services, most of indoor location systems need some form of additional infrastructure
and/or require a higher level of accuracy that is not provided by the state of the art of the
technology.

Several solutions have been proposed that partially solve some of the problems related with
indoor location like Hybrid Indoor Navigation Platforms [3] [6]. However, most of them are
based on strong requirements of the environment or on the use of supplementary hardware
devices that makes them unpractical for most of the sceneries.

On the other hand, modern portable devices are equipped with Micro electro Mechanical
Systems (MEMS) that can avoid the dependency on an external structure. Despite the low-
performance and noisy sensors data, applying proper signal processing and algorithms over
the raw data received form the array of inertial sensors (triaxial orthogonal accelerometer,
gyroscope and magnetic field detector), acceptable location accuracy results can be achieved.
The use of internal sensors embedded in the last generation of mobile devices also introduces
advantages in terms of power consumption, simplicity of management and reduction of cost
of calibration versus external data sources or infrastructures.
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1.2 Aims and objectives

In this paper we present a smartphone based system for pedestrian activity recognition and
indoor tracking, working without any additional infrastructure or extra sensors. Our approach
models human indoor behavior in terms of turns (T), stationary times (Sy), use of elevators (E)
walking (W) and stairs (St). The algorithms proposed to recognize each of these activities are
combined with track-splitting and land marking strategies that help to reduce the accumulated
error usually inherent to in every inertial sensor based system.

1.3 Challenges

Indoor location introduces a series of challenges that the current systems are not able to cope
completely successful:

- Complexity of indoor environment [3]: Machines, walls, corridors, open areas,
humans movements and the irregularity of the scenario, introduce noise that may
affect the quality of the signal reception as well as the accuracy of the inertial
sensors measurement.

- High level of location accuracy required [4]: Because the indoor context vary at fine
spatial granularity, indoor required fairly location accuracy. A minor indoor location
error can be easily translated in a wrong or useless position.

- Optimization of energy consumption [2]: In most of the cases the indoor location is
aimed for battery-dependent devices with constraints regarding the energy
consumption.

- Poor or absence of floor plans database [5]: While maps for outdoor are traditionally
provided by several services, such as Google Maps', Bing Maps’, Apple Maps?,
OpenStreetMaps® , the indoor equivalent floor plans are currently very limited,
affecting the representation and spread of the concerned applications.

1.4 Possible uses and applications

Providing location services within an indoor environment may be used in several scenarios
such as [2]:

- Safety: location systems could provide emergency services with an immediate
knowledge of where users are inside a building at any time.

- Security: location-awareness could permit automatic locking of sensitive resources if
the owner is not present.

- Resource-efficiency: smart buildings can use the information of where its users are to
optimize air conditioned, heating lighting and other resources.

- Social networking: allowing users to efficiently find colleagues.

- Automatic resource routing: follow-me applications allowing users with visual
impairments to be routed to their goals.

! http://www.google.com/maps

2 http://www.bing.com/maps/

* http://www.apple.com/ios/maps/
* http://www.openstreetmap.org/
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- Leisure: reproduce automatic explanations in museums and gallery arts.

- Navigation: visitors unfamiliar with a building can quickly navigate to rooms of
interest.

- Advertisements: adapting offers and advertising in shopping centers depending on the
client position.

1.5 Structure

This report begins with a short introduction (this first chapter) where mainly the motivation,
objectives, challenges and possible applications are presented.

Chapter 2 details the previous research done in the area and the related works.

Next Chapter describes the theory considered in this thesis: the built-in inertial sensors, their
performance and error characteristics. Also the development platform and the equipment
used for the project are described.

The groundwork of this thesis is found in chapter 4 were we describe the key concepts and the
system approach.

Chapter 5 describes the modules and algorithms which take part in the system design.
The implementation of the prototype software is defined in Chapter 6.

In chapter 7 we include the evaluation methodology and we discuss final the results of the
system performances.

Finally chapter 8 and chapter 9 with conclusions and future works, concludes this thesis.
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Chapter 2. Related work

2.1 Background

Several techniques have been proposed to enable indoor location and there is a large body of
literature regarding to this topic. A comprehensive coverage about this field is provided by
these two work surveys related with inertial systems [2] and wireless positioning systems [7].

Perhaps the most successful indoor systems to date are those based on radio fingerprinting.
Here, signal properties such as received strength are compared to a radio map previously
collected at a variety of location. The closest match is returned as the estimated position. WiFi
is a common choice due to its ubiquity [8] [9]. Accuracies of a few meters are typically
reported. However the expense and time required to install, configure and maintain these
systems has so far prohibited general deployment.

In contrast with providing coordinate location, a common technique for human tracking is to
employ inertial sensors. These systems typically compute their own positions and their key
advantage is that they require very little, if any, physical infrastructure to work. These sensors
systems are based on user’s estimated relative location and they need to be capable of
handling noise that would normally lead to cumulative locating errors. They also usually offer
an optional degree of location privacy since the user can choose not to share the information
with any third party.

2.2 Current alternatives and systems

Previous work on inertial sensor-based user tracking have employed bare functional locations
for mounting the sensor or provided low accuracy. Some of them limit the usage of sensors,
use additional infrastructures to handle this inherent problem, or require previous knowledge
of the indoor map:

Robertson et al. [10] proposed the use of accurate foot-mounted inertial sensors to track
pedestrians in indoor environments. These systems provide the heading and the moving
distance of the pedestrian but the sensor placement is limited to an unnatural position in
order to obtain a correct sensor reading. Displacement can be obtained from the acceleration
signal by double integration with respect to time. However, due to the low accuracy of the
accelerometer, the presence of noise and the component of acceleration due to the gravity,
error accumulates rapidly with time [11] [12].

In [3], Jin et al. propose the use of a digital compass and an accelerometer in a smartphone to
track pedestrian location and corrects the location in sparse indoor environments. This scheme
relies on an additional ultrasonic sensor, which is sparsely distributed, to adjust the current
location directed by the smartphone. Building a radio map [13] is another approach solving the
issues of a foot-mounted inertial sensor-based pedestrian tracking system. The scheme
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employs a particle filter to track the pedestrian using radio map information as one of the
parameters for the filter.

Capelle et al. [6] designed a GNSS—based multisensor system based on the fusion of three
different technologies: High Sensitivity GNSS (GPS and the future Galileo), MEMS-based
Pedestrian Navigation System and WIFI.

More recently Pu proposed WiSee [14], a system that leverages wireless signals like WiFi to
enable whole-home sensing and recognition of human gestures and movements.

All these designs solve at least partially the indoor localization problem. However, all of them
require additional infrastructure or offline training in order to build a radio map, a strong
requirement that will determine the use of these solutions in real environments.

An also interesting approach is the one used by Constandache et al. in [15]. In this work, they
use a digital compass and an accelerometer in a smartphone for user tracking. The system is
designed in outdoor environments where map information is provided. The system compares
the estimated path with the map information, without requiring any external extra device.

Finally, A. J. Ruiz-Ruiz et al. [16] in present new matching techniques using scale invariant
features from the images captured by the smartphone camera, in order to build accurate
location-based services.
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Chapter 3. Theory

This chapter describes the basic knowledge considered and technologies used during this
project, as well as their functionality and error characteristics. Also the development platform
and equipment used for the project is described.

3.1 Global Positioning System

3.1.1 Overview

A Global Positioning System, also known as GPS, is a satellite-based navigation system
designed to help navigate on the Earth, in the air, and on water’.

The system was created by the United States Department of Defense. In the beginning, it was
only used by the U.S. military, but in 1983 an order allow anyone to use the system. The
system was declared fully operative in 199. Today the GPS is used also for civilian purposes,
such as surveying, map design, tectonics and obviously navigation.

A GPS receiver shows where it is. It also shows how fast it is moving, which direction it is going,
how high it is, and maybe how fast it is going up or down. Many GPS receivers have
information about places.

Most GPS receivers record where they have been, and help plan a journey. While traveling a
planned journey, it predicts the time to the next destination.

3.1.2 Components

The GPS system consists of three segments; the space segment (satellites), the control
segment and the user segment (receivers)

The space segment consists of 30 satellites 20,200 kilometers (12,600 mi) above the Earth
orbiting in six orbits which have an inclination of 55° relative to the Equator. The orbits are
arranged in such way, that far from the North Pole and South Pole, a GPS unit can receive
signals from 6 to 12 satellites at once. GPS satellites send navigation messages continuously at
a rate of 50 bits per second; the main information in the message is the time when the
message was sent, exact orbital information(“ephemeris”), and the general system health and
rough orbits of all satellites (the “almanac”).

The control segment is composed of a number of stations and antennas, they are used to
control and monitor the health of the satellites, and do necessary corrections when needed,
for instance adjust the satellites’ clocks.

The user segment consists of military users of the GPS Precise Positioning Service and the

> http://en.wikipedia.org/wiki/Global_Positioning_System
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civil users of the Standard Positioning Service. The GPS receiver is mainly composed of an
antenna, a very stable internal clock, the software for calculating the user’s location and
speed, and usually a display for providing the information to the user. Now, more are part of
something else such as mobile phones, wrist watches, and cars.

A GPS receiver can calculate its position many times in one second. A GPS receiver calculates
its speed and direction by using its change in position and change in time. Many inexpensive
consumer receivers are accurate to 20 meters (66 ft) almost anywhere on the Earth.

3.1.3 Position calculation

GPS receivers use geometric trilateration to combine the information from different satellites
to predict the correct location. As mentioned above, the GPS message contains information
about the time when message was sent, precise orbital information, health of the system and
rough information about the orbits of other satellites. The receiver uses the message to
calculate the transfer time of each message and computes the distance to the satellite. With
the aid of trilateration, the distances to the satellites together with the satellites’ locations are
used to calculate the position of the receiver.

3.1.4 Limitations and constraints

The advantage of satellite systems is that receivers can determine latitude, longitude, and
altitude to a high degree of accuracy. However, line of sight (LOS) is required for the
functioning of these systems. This leads to an inability to use these systems for an indoor
environment where the LOS is blocked by walls, roofs and other objects.

To track GPS signals indoors typically requires a receiver capable of tracking signals with power
levels ranging from -160dBW to -200dBW, however a typical receiver has a noise floor of
around -131dBW. Multipath effects are likely to cause degradation in accuracy even if a
receiver is able to track signals from a sufficient number of satellites. Unlike in outdoor
environments, reflected signals are often stronger than those received via direct line-of-sight
when indoors. Hence such systems are not accurate enough for indoor location-aware
applications, nearly all of which require at least room-level accuracy.

3.2 Inertial Navigation System

INS (Inertial Navigation System) is based on a self-contained navigation technique in which
measurements provided by motion sensors (accelerometers), environment sensors
(magnetometer) and rotation sensors (gyroscopes) are used to track the position and
orientation of an object relative to a known starting point, orientation and velocity without the
need for external references.
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3.2.1 Accelerometer

An accelerometer is a device that measures proper acceleration. The proper acceleration
measured by an accelerometer is not necessarily the coordinate acceleration (rate of change
of velocity). Instead, the accelerometer sees the acceleration associated with the phenomenon
of weight experienced by any test mass at rest in the frame of reference of the accelerometer
device. For example, an accelerometer at rest on the surface of the earth will measure an
acceleration g=9.81 m/s® straight upwards, due to its weight. By contrast, accelerometers in
free fall or at rest in outer space will measure zero.

Accelerometers have multiple applications in industry and science. Highly sensitive
accelerometers are components of inertial navigation systems for aircraft and missiles.
Accelerometers are used to detect and monitor vibration in rotating machinery.
Accelerometers are used in tablet computers and digital cameras so that images on screens
are always displayed upright.

The most important source of error of an accelerometer is the bias. The bias of an
accelerometer is the offset of its output signal from the true value, in m/s>. A constant bias
error of €, when double integrated, causes an error in position which grows quadratically with
time. The accumulated error in position is show in Equation 1:

2

S(t)=e%

Equation 1: Accelerometer error position

where t is the time of the integration.

It is possible to estimate the bias by measuring the long term average of the accelerometer’s
output when it is not undergoing any acceleration. Uncorrected bias errors are typically the
error sources which limit the performance of the device.

3.2.2 Gyroscope

Generally, a gyroscope is a device for measuring or maintaining orientation, based on the
principles of conservation of angular momentum®.

A conventional (mechanical) gyroscope consists of a spinning wheel mounted on two gimbals
which allow it to rotate in all three axes. An effect of the conservation of angular momentum is
that the spinning wheel will resist changes in orientation. Hence when a mechanical gyroscope
is subjected to a rotation, the wheel will remain at a constant global orientation and the angles
between adjacent gimbals will change. A conventional gyroscope measures orientation, in
contrast to MEMS (Micro Electro-Mechanical System) types, which measure angular rate, and
are therefore called rate-gyros.

MEMS gyroscopes contain vibrating elements to measure the Coriolis effect. A single mass is

® http://en.wikipedia.org/wiki/Gyroscope
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driven to vibrate along a drive axis, when the gyroscope is rotated a secondary vibration is
induced along the perpendicular sense axis due to the Coriolis force. The angular velocity can
be calculated by measuring this secondary rotation.

The Coriolis effect states that in a frame of reference rotating at angular velocity w, a mass
moving with velocity v experiences a force:

F. = -2m(w * v)

Equation 2: Coriolis effect force

An important note to be made is that whereas the accelerometer and the magnetometer
measure acceleration and angle relative to the Earth, gyroscope measures angular velocity
relative to the body.

The bias of a rate gyro is the average output from the gyroscope when it is not undergoing any
rotation (i.e: the offset of the output from the true value), in °/h. A constant bias error of when
integrated, causes an angular error which grows linearly with time:

O(t) =¢ex*t
Equation 3: Angular gyroscope error

The constant bias error of a rate gyro can be estimated by taking a long term average of the
Gyro’s output whilst it is not undergoing any rotation. Once the bias is known it is trivial to
compensate for it by simply subtracting the bias from the output.

Another error arising in gyros is the calibration error, which refers to errors in the scale factors,
alignments, and linearity of the gyros. Such accuracy problems tend to produce errors that are
only observed whilst the device is turning. These errors lead to the accumulation of additional
drift in the integrated signal, the magnitude of which is proportional to the rate and duration
of the motions.

3.2.3 Magnetometer

A magnetometer is an instrument used to measure the strength and/or direction of the
magnetic field in the surrounding area of the instrument.

Magnetometers can be divided into two basic types: scalar magnetometers that measure the
total strength of the magnetic field to which they are subjected, and vector magnetometers
(the type used in this project), which have the capability to measure the component of the
magnetic field in a particular direction, relative to the spatial orientation of the device.

Magnetometers can be used as metal detectors: they can detect only magnetic (ferrous
metals, but can detect such metals at a much larger depth than conventional metal detectors;
they are capable of detecting large objects, such as cars, at tens of meters, while a metal
detector's range is rarely more than 2 meters.
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In recent years magnetometers have been miniaturized to the extent that they can be
incorporated in integrated circuits at very low cost and are finding increasing use
as compasses in consumer devices such as mobile phones and tablet computers.

The two main sources of measurement errors are magnetic contamination in the sensor,
errors in the measurement of the frequency and ferrous (iron containing) material on the
operator and in the instruments. If the sensor is rotated as the measurement is made, an
additional error is generated

3.3 Mobile plattform

3.3.1 Android Operative System

Android is an open-source platform for mobile devices’. It is developed and managed by
Google Inc, and it includes operating system, middleware and key applications. Recently it has
become the world’s most used platform for smartphones. The increasingly high popularity
together with the fact of being an open-source project has given the platform a very large
community of developers. The mentioned characteristics are the main reasons for choosing
Android as the development environment for this thesis rather than any other mobile platform
like i0S, Symbian or Windows Phone.

Android is a Linux-based OS software; its stack is divided in four different layers which include
five groups as illustrated in the Figure 1.

The layers in the Android architecture are:

- Application layer: This layer is the one used by end phone users. Applications can run
simultaneously (multitasking) and they are written in Java language.

- Application framework: The software framework used to implement the standard
structure of an application for the Android OS.

- Libraries: The available libraries are written in C/C++ and they are called through a
Java interface.

- Android runtime: The Android runtime consists of two components. First a set of core
libraries which provides most of the functionality in the Java core libraries. And second
the virtual machine Dalvik which operates like a translator between the application
side and the operating system.

- The kernel: This Linux based kernel is used by Android for its device drivers, memory
management, process management and networking.

7 http://en.wikipedia.org/wiki/Android_(operating_system)
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Figure 1: Android Architecture diagram

3.3.2 Andorid Sensor API

Most Android-powered devices have built-in sensors that measure motion, orientation, and
various environmental conditions. These sensors are capable of providing raw data with high
precision and accuracy, and are useful if developers want to monitor three-dimensional device
movement or positioning, or you want to monitor changes in the ambient environment near a
device.

The Android platform supports three broad categories of sensors:

- Motion sensors: These sensors measure acceleration forces and rotational forces
along three axes. This category includes accelerometers, gravity sensors, gyroscopes,
and rotational vector sensors.

- Environmental sensors: These sensors measure various environmental parameters,
such as ambient air temperature and pressure, illumination, and humidity. This
category includes barometers, photometers, and thermometers.

- Position sensors: These sensors measure the physical position of a device. This
category includes orientation sensors and magnetometers.

The Android sensor framework lets developers access these three types of hardware-based
sensors. Hardware-based sensors are physical components built into a handset or tablet
device. They derive their data by directly measuring specific environmental properties, such as
acceleration, geomagnetic field strength, or angular change.
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Users can access these sensors and acquire raw sensor data by using the Android sensor
framework. The sensor framework is part of the android.hardware® package and the layers of
the architecture are show in Figure 2.

Android App

¢ Use SensorManager & SensorEventListener

Android Framework .

* SensorService & SensorManager

R

¢ Links the Kernel-Drivers to the framework

Kernel Drivers

* Device drivers to control and gather data from the actual hardware.
Figure 2: Android Sensor API layers

Appendix C is a session show explaining how to use the Android Sensor APl and an example of
implementation.

Samsung Galaxy S Il SGH-1777 9
Dimensions 126 x 66 x 8.9 mm (4.96 x 2.60 x 0.35 in)
Weight 121.9 g (4.27 oz)
Processor Exynos C210 Dual-core 1.2 GHz Cortex-A9
Operating System Android OS, v4.1.2 (Jellybean)
Memory 16GB storage, 1 GB RAM
Display Super AMOLED Plus capacitive touchscreen
16M colors
480 x 800 pixels, 4.3 inches
Connectivity GSM 850 /900 / 1800 / 1900
HSDPA 850 /1900 / 2100
Wi-Fi 802.11 a/b/g/n
Bluetooth v3.0 with A2DP, HS
Battery Li-lon 1650 mA battery
Sensors Accelerometer, gyro, proximity, compass,
magnetometer

Table 1: Samsung Galaxy S Il SGH-1777 specifications

8 http://developer.android.com/reference/android/hardware/package-summary.html
® http://www.gsmarena.com/samsung_galaxy_s_ii_i777-4130.php
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3.3.3 Samsung Galaxy SII

The AT&T Samsung Galaxy S Il SGH-1777 (Figure 3) is the initial release for the Galaxy S Il line of
smartphones on AT&T's network. It keeps the 4.3" display seen in the international version. It
uses a dual-core Exynos 4 processor clocked at 1.2 GHz. The AT&T Samsung Galaxy S Il SGH-
1777 uses an 8.0 MP rear camera, as well as a 1.9 MP front-facing camera. The cell phone is
running Android version 4.1.2 (Jellybean).

Previous Table 1 details the Samsung Galaxy S Il SGH-1777 specifications.

Figure 3: Samsung Galaxy S Il SGH-1777

The main reason of choosing this device is the large number of built-in sensors. Furthermore,
at the project start this cell phone was available in the department set of devices and was the
only one including and supporting a gyroscope.

3.3.4 Inertial sensors quality tests

In this section an error analysis of the all considered information sources is performed. The
inertial sensors are tested for errors and to consider the need for calibration before the
outputs is used. The built-in inertial sensors in the Samsung SIl are: 3-axes accelerometer,
Gyroscope and Magnetometer.

To analyze the accuracy and the behavior of the sensors, stationary tests where the device was
laying on a table, were performed. The output of the sensors is relative to the device’s
orientation, here referred to the device’s coordinate systemlo.

The device’s coordinate system is defined relative to the screen of the phone in its default
orientation. The axes are not swapped when the device's screen orientation changes.

The x axis is horizontal and points to the right, the y axis is vertical and points up, and the z axis
points towards the outside of the front face of the screen (Figure 4).

1% http://developer.android.com/guide/topics/sensors/sensors_overview.html|
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Figure 4: Coordinate system that is used by the Sensor API

In this error analysis test the samples are recorded during a period of approximately 15
seconds with the phone lying flat with its back on the table. The phone is immobile in order to
prevent any force other than gravity from affecting the output.

3.3.4.1 Accelerometer

The accelerometer measures the acceleration in three axes in m/s?. It outputs the acceleration
applied to the device by measuring forces applied to the sensor. The measured acceleration is
always influenced by the force of the earth’s gravity:

F
ams-3L

Equation 4: Measured acceleration by the accelerometer

where aq is the acceleration applied to the device, g the force of gravity, F the force acting on
the device, and m the mass of the device. The sign X represents the sum of the x, y and z axis.

As a result, when the device is put on the table (and obviously not accelerating) the
accelerometer output should read 0 m/s’ for x and y axes, and negative earth’s gravity of 9.81
m/s” for the z axe.

Figure 5 shows the phone’s actual acceleration output for the x, y and the z axes while being
stationary on the table.

vIM Juan José Marrén Monteserin | Mdster en Ingenieria Web - Escuela de Ingenieria
Informdtica - Universidad de Oviedo



Theory | Cooperative and multi sensor Indoor Location system

12
~ 10 Te—
<L
g 8
c Acc(x
5 6 (x)
=}
E4 —Acc(y)
(7]
T 2
8 Acc(2)
Q
< 0
OO0 ™~NLOUIN<OMOANTOODONSN ONE N AN o
_2 WO st O st O st O st O st 00 M 00 M 00 M 00 M 00
TS AN AN OON TN O ONMNOWOOWO O
Sample number

Figure 5: Acceleration output x, y and z axes

The accelerometer test (Table 2) shows that the total acceleration measured at stationary
position was on average about 9.642 m/s® and not the expected 9 .81 m/s’. The standard
deviation for the total acceleration, 0.13 m/s’, is equivalent to more than one percent of the
total acceleration, which, with time, could potentially generate a large error.

Acceler. test Average Max Min Std deviation
Acc,[m/s’] 0.204663 0.38137 -0.05448 0.029994
Acc,[m/s’] -0.27933 -0.16344 -0.43585 0.03228
Acc,[m/s’] 9.50077 10.14716 8.853226 0.070122

Total Acc [m/s’] 9.426103 10.36508 8.362893 0.132402

Table 2: Accelerometer test results

3.3.4.2 Gyroscope

The gyroscope values are in radians/second and measure the rate of rotation around the x, y
and z axis. Rotation is positive in the counter-clockwise direction. When the device is at rest on

a table and not moving, the gyroscope values should read a magnitude of 0 radians per
second.

Figure 6 shows the measured angular speed around the x, y, and z axis when the device is
stationary on the table. (Values of the x axis are made invisible on the graph because of the
offset from y and z axis).
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Figure 6: Rotation output x, y and z axes
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Gyroscope test Average Max Min Std deviation
wy [rad/s] 0.022092 0.037874 0.003054 0.005496
wy [rad/s] -0.00231 0.041844 -0.08247 0.005628
w, [rad/s] -0.00119 0.011912 -0.01466 0.004645
Total [rad/s] 0.018586 0.09163 -0.09407 0.015769

Table 3: Gyroscope test results

Observing the results in Table 3 it can be seen that there exists an offset (the bias) on all of the
three axes. To calculate angle a, the output of the gyroscope w (angular speed), is integrated

a =Z(w*At)

Equation 5: Error angle estimation from angular speed

overtimet:

During 15 seconds we get an error angle of 0.27 rad. Since the expected error average is zero,
the calculated average of the measured values is approximately equal to the offset error.

3.3.4.3 Magnetometer

The magnetometer measures the strength of the ambient magnetic field in micro-Tesla (uT), in
the x, y and z axes. The magnetometer output together with accelerometer values can be
passed to a function to get the orientation.
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shows the measured magnetic field in the x, y and z axis respectively.
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Figure 7: Magnetic field output x, y and z axes

Statistics from the test are inError! Reference source not found.

Magnetom. test Average Max Min Std deviation
Mag, [uT] -3.99611 -1.08 -5.52 0.916693
Mag, [uT] -7.52068 -6.42 -8.76 0.413968
Mag, [uT] -50.3266 -49.2 -51.36 0.39095

Table 4: Magnetometer test results

One interesting observation is the sensitivity of the sensor, which results in a rather high

standard deviation with an average of 0.57 uT for each axis.

Master en Ingenieria Web - Escuela de Ingenieria Informatica - Universidad de &
Oviedo | Juan José Marrén Monteserin



Cooperative and multi sensor Indoor Location system | System approach

Chapter 4. System approach

This section contains all the requirements specification and the analysis of the application,
from which the design will be developed later.

4.1 System definition

Requiring infrastructure beyond the common mobile phone can make a solution unpractical
for several kinds of scenarios. On the other hand, recent developments in Pedestrian Dead-
Reckoning (PDR) systems have demonstrated the ability of these systems to urban sensing and
activity [15] [17] recognition. For instance, several inertial sensors worn simultaneously on
different parts of the body can detect when a user is walking, turning into a corridor, or
climbing up the stairs; microphones and magnetometers can detect ambient sounds and
magnetic fluctuations [18][19]. While these signatures have been primarily used for various
forms of context awareness, they allow themselves to localization as well. The signatures can
be treated as landmarks, and be useful for indoor dead-reckoning systems to combine sensor
information in order to recognize ambiences and user behavior.
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Figure 8: Floor plan example. First floor of fine Arts Hall Building at University of South
Florida

Our work is based on the tracking of pedestrians in indoor environments by automatically
detecting landmarks and pedestrian motion traces where map data are not provided a priori.
Based on the accelerometer readings of the mobile phone, it is possible to record the number
of steps/stairs a person has walked/climbed [17][20][21] and therefrom derive the
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displacement of the person. By using the compass, the direction of each heading change can
be tracked [22] and finally, using magnetometer readings anomaly context behavior can be
detected [23]. Additionally the proposed technique depends on resetting the accumulations of
error by splitting the complete trajectory in independent motion traces.

4.2 Indoor actions

In order to model indoor human behavior, we reduce the possible movements or activities to
five states or actions: turns (T) applied when the pedestrian changes the heading in her/his
route, stationary (Sy) where the person remains in the same location. Elevator (E) when the
user makes use of an elevator to move to a different floor. Walking (W) moving across the
same floor and finally stairs (St) where the user goes up and down to change the floor.

Consider for example the floor plan of the first floor map of fine Arts Hall Building at University
of South Florida shown in Figure 8. This real location is basically formed by: (i) corridors where
user can walk straight (W); (ii) corners were pedestrians make heading changes (T); (iii) stairs
where user climb up/down (St) steps or (iv) elevators where user go up/downs floors
automatically (E). Also, (v) we consider stationary time (Sy) where the user remains in the
same position for a defined period of time. This set of predictable activities can be translated
to identifiable context signatures or landmarks and detailed using the data gathered by
sensors integrated in a modern mobile phone. For instance, elevators exhibit a remarkable
variation in the magnetic field magnitude, human gait can be identified by a repetitive pattern
in the accelerometer raw data, and heading changes may be obtained from the gyroscope
measures. We take advantage of this approach to simultaneously harness sensor-based dead-
reckoning and environment sensing.

4.3 Key concepts

Our proposal defines a set or rules based on two key concepts that automatically allow the
system to detect the activity among the possible states defined above. These two
fundamentals are:

- Indoor points of interest (POI): our tests showed that certain locations in indoor
scenarios present identifiable signatures on one or more sensing dimensions.
Processing the raw data gathered by the sensors these signatures can be detected and
translated into the real indoor events. This principle is used in our design to detect
elevator and heading changes.

- Human body behavior patterns: pedestrian actions, like walking, generate repetitive
and identifiable patterns that are ubiquitously detectable by the inertial sensors. This
idea is used to detect human gait and climbing stairs. For instance, human gait is
defined as bipedal, biphasic forward propulsion of center of gravity of human body, in
which there is alternate sinuous movements of different segments of the body with
least expenditure of energy. The gait cycle begins when one foot contacts the ground
and ends when that foot contacts the ground again. Thus, it can be classified in two
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phases: stance and swing (Figure 9).Each cycle begins at initial contact with a stance
phase and proceeds through a swing phase until the cycle ends with the limb's next
initial contact. Stance phase accounts for approximately 60 percent, and swing phase
for approximately 40 percent, of a single gait cycle.
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Figure 9: Human gait cycle **

The approach of navigation based on landmarks and split by activity frames reduce
accumulative error indoor constraints. Furthermore processing signal algorithms are applied
over each one of the frames including additional information like: number of steps/stairs, time
in the detected action, distance walked/climbed, elevator direction and turn direction. Thanks
to this extra information our system is able to rebuild detailed traces of user’s motion useful
for pedestrian tracking, indoor positioning or participatory floor plan construction.

" http://www2.warwick.ac.uk/fac/sci/eng/meng/nongps/rnd/gait/
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Chapter 5. System design

Our architecture consists of four main part or modules: the data collection module; the traces
segmentation module; the activity recognition and the activity detailer module that apply the
specific algorithms (Step detection and Counting, Stairs detection and counting and elevator
frame classification).

5.1 Data collection module

This module is responsible for collecting measurements from the various sensors embedded in
the users’ mobile devices. The measurements gathered can be treated locally in the device or
buffered and then sent opportunistically to the server for instantly or later processing.

Data collected are measurements from inertial sensors including: accelerometers, gyroscopes
and magnetometers. These sensors have the advantage of being ubiquitously installed on a
large class of smart phones, having a low-energy footprint, and being always on during the
phone operation to detect changes in the orientation of the phone. Our approach does not
require calibration and the main challenge that needs to be addressed is handling the noise
that low cost quality these inertial sensors introduce.

In our test we developed the data collection module for an Android OS cell phone. The raw
data has been collected every 15ms (66.6 Hz). This duty cycle is good enough to detect user’s
activity and motion details.

5.2 Traces segmentation module

Since corners are common occurrences in indoor scenarios, an important event to be detected
in indoor traces is the change on heading directions.

Turns can be recognized based on the gyros sensor measurements applying the algorithm
explained below.

5.2.1 Turns detection algorithm

The algorithm implemented for turnings detection is based on the finding of the significant
changes in the gyroscope readings. Turns are identified when the compass headings change
more significantly than due to random oscillations. The algorithm based on thresholds is based
on the following steps:

1) Calibration Routine
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During a segment of movement, samples of compass [g(x), g(y), g(z)] are collected to estimate
the mean in the compass values (see Equation 6). The energy of the average is calculated and
considered as bias to compensate (Equation 7).

1 i=N i=N i=N
[Gyro(), Gyro(), Gyro ()] =+ | Y gxi, ) avi, Y g7
i=0 i=0 i=0

Equation 6: Mean of three axis compass values

GYrocqaiip = \/Gyro(x)z + Gyro(y)? + Gyro(z)?
Equation 7: Energy of compass averages

Where N is the number of samples used in the calibration routine for the movement frame
2) Moving average filter

Following Equation 8 we compute the energy of the compass samples, gi, for every sample I.

gi = gx2 + gx? + gz
Equation 8: Energy of a simple compass sample
Estimate the average of energy in a set window of size w and compensate the bias (see
Equation 9)

j=itw

_ 1 J—
9 =57 Z (9j — Gyrocaiip)®
j=i-

2w
w

Equation 9: Average of energy for a compass sample in a set window

3) Thresholding
The threshold defined in Equation 10 is applied to detect the heading changes.

T. if g, >T
Gr = 1 14 1
T { 0 otherwise }

Equation 10: Threshold to detect heading changes

With the threshold T, fixed to the value 1.2
4) Turn detection

A turn is detected when the following condition is satisfied: a transition from low to high in
the new signal of compass values T;,_, < Tj;and, samples next, a transition from high to low
Ti,_,> Ty,)- The turn sample is considered in the average value of the T1 high level step.
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5) Turn direction

Once a turn is detected for a sample i, to determine its direction is necessary to study the sign
of the compass reading with the biggest magnitude for the set of three axes.

i=j+w

1
— Z abs(gy)

i=j-w

MainSignal (t;) = max{ gx,,gy,,9z,} with g, =

Equation 11: MainSignal function definition

If the MainSignal (Equation 11) value for the detect turn sample is positive, a turn left has been
detected. Otherwise, if the sign is negative a turn to the right has been performed.

Figure 10 represents the value of the important signals in the algorithm applied in a basic
example with the following turn’s sequence: 72 - Right, 247 - Left, 568 - Right and 608-Right.
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Figure 10: Turns detection algorithm signals

These turn landmarks (T) are used in our solution to split the continuous motion sequence in
independent traces. Figure 11 shows an example of an indoor motion traced split by turns.
These approach contrasts with the classical relative navigation techniques as dead reckoning,
where the new location of a user is estimated with the help of the start location the distance
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traveled and direction of motion. Traces segmentation avoids the error accumulation
introduced by the inertial sensors using relative techniques.

A—] A
"R

T wﬁ_:l'rl_:-T wﬁT;l:::_ﬁ?

Figure 11: Example of pedestrians states in indoor trace split by turns

5.3 Activity recognition module

The goal in this module is on defining a set or rules that automatically allows the system to
detect the activity among the possible states defined above. It means being able to

automatically identify elevator or stairs conditions and to separate them from other patterns
such as regular walking or being stationary.

Energy of
Acceleration

High

Variance &
Correlation of
Acceleration

Energy of High

Mag. Field

- S
Stationary (Sy) Elevator (E) Walking (W)

Stairs (St)

Level of activity

Figure 12: Decision tree to classify the possible indoor states

Figure 12 shows the decision tree that has been defined to classify the possible states.

The simplest way to produce useful data out of the inertial sensor is to take the magnitude of
the three components data vector. For example, in order to estimate the magnitude for the
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acceleration, we need to calculate the energy represented in each sample provided by the
accelerometer. After filtering the signal to make it smoother, the first decision to detect
movement vs. repose is based on this level of acceleration. Fixing a threshold over the

acceleration energy leads to estimate periods of activity and complementary the stationary
ones.

Other different inertial sensor signals can be used to detect the activity subclasses:

5.3.1 Elevator (E):

Similar to cars or planes, elevators behaves like a Faraday shield and they have a unique
magnetic field pattern that makes distinguishable with accuracy. Since a typical elevator is an
enclosure formed by conducting material, it blocks external static and non-static electric fields.
The different values for the Magnetic Field Energy coming from the outside and the inside of

elevator show a notable difference, thus this transaction of states is easily identifiable (Figure
13).
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Figure 13: Transition of Magnetic Field energy outside and inside an elevator

There are two additional details that have to be detected in the elevator motion segments: the
direction of motion and the number of floors traveled. The identification of the elevator
direction can be estimated based on the energy of the acceleration measurements when the
elevator starts and stops its travel. These events produce a pattern of acceleration peaks in

the elevator segment (Figure 14) and studying the order of appearance the elevator
movement can be classified.
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Figure 14: Energy of acceleration values for an up direction elevator travel

The number of floors traveled can be estimated based on the time duration of the
displacement during the inside elevator travel.

5.3.2 Stationary (Sy):

Based on the previous observation, and after a frame is detected like repose time the
stationary periods are complementary of the elevator periods.

5.3.3 Walking (W) and Stairs (St):

Once the repose states have been separated using the energy of the acceleration to detect
active scenarios, is necessary to differentiate between stairs and walking cases. The
observation is that when the pedestrian are using stairs the variance of acceleration is broader
than in the walking case. Figure 15 represents this variance of acceleration’s energy in a
Walking —Stationary-Stairs sequence. The correlation between the acceleration in the
direction of motion (Y axis) and the direction of gravity (Z axis) can be a good clue to separate
stairs scenarios compared with walking. Furthermore, the measurements show that climbing
stairs down (helped by the gravity acceleration) shows higher motion intensity than climbing

up.

Combining these two processed signals, the three final states can be detected also including
the direction of the user in the stairs frame.
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Figure 15: Variance of energy acceleration in walking and stairs states

5.4 Traces detailer module

Once the previous module has identified each segment and classified its activity, there are
some of them, like walking or stairs states, that require more details to enable a complete
tracking of the user. Processing the original signal, based on the accelerometer readings of the
mobile phone, by specific algorithms is possible to derive the displacement of the person while
walking or climbing stairs.

As was mentioned in the related work, theoretically the distance traveled can be calculated by
integrating acceleration twice with respect to the time. However due to the presence of noise
in the accelerometer output, error accumulates rapidly with the time. Another source of error
is the presence of a component of acceleration due to the gravity of the Earth. These factors
lead to errors in displacement that will grow constantly with time. Figure 16 shows the linear
acceleration component on the y-axis (forward acceleration), the velocity resulted from
integrating the acceleration and the walked distance calculated by integrating the velocity over
time. Despite the form of the curves seems correct, and that it is possible to identify the steps
while walking (13) and also the increment/decrement of speed with the steps, the results
obtained are not similar to the real walked distance. They are approximately two times smaller
than the total distance 10 meters.
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Figure 16: Calculated speed and distance by integrating acceleration

To reduce the accumulation of errors, we extend the previous approach estimating the
distance traveled as the sum of the individual step sizes. We apply the step detection
algorithm to detect the pattern that the magnitude of acceleration goes through when a step
is made.

5.4.1 Step detection and distance estimation
algorithm

Thanks to the detection of cycles in the sensor data (swing and stance phases), caused by the
repeating patterns or events in motion of walking, it is possible to count the number of steps a
person has walked, and therefrom derive the displacement of the person.

Based on our experiments the effect of walking on the magnitude of the acceleration vector is
independent from the phone orientation and tilt. Therefore, our step counting algorithm is
designed based on the magnitude of the acceleration, making this approach for displacement
estimation independent from the placement of the mobile phone (messaging in hands, calling
in user’s ear or swinging in the pocket)

The algorithm implemented for step detection and counting consists of the following steps:
1) Calibration Routine

During a frame of movement, samples of linear acceleration [Acc(x), Acc(y), Acc(z)] are
collected to estimate the mean in the acceleration (see Equation 12Equation 12). The energy
of the average is estimated and considered as bias to compensate (Equation 13).

[Acc(x), Acc(y), Acc(2)] =

Equation 12: Mean of three axis acceleration values
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ACeauy = |ACC(0? + ACC()? + ACE(2)
Equation 13: Energy of acceleration averages

Where N is the number of samples used in the calibration as much as possible in the frame

2) Mean acceleration

Compute the energy of the acceleration, a;, for every sample i as shown in Equation 14.

ai = \/ ax;? + ax;? + az;?

Equation 14: Energy of a simple acceleration sample

Estimate the average of energy in a set window of size w and compensate de bias (see
Equation 15).

1 j=itw
a, = § (aj — Acccalib)2
2w+1 4L
j=i—w

Equation 15: Average of energy for an acceleration sample in a set window

3) Thresholding

A first threshold is applied following the rule Equation 16 in to detect the swing phase with
high accelerations.

T if a>T
B = 1 A 1
Li { 0 otherwise }

Equation 16: Threshold to detect swing step phase

A second threshold T,, as defined in Equation 17Error! Reference source not found. is used to
detect the stance phase

i

T. if a< T
B — 2 1 2
2 { 0 otherwise }

Equation 17: Threshold to detect stance step phase

T, and T, are symmetric values respect to O fixed heuristically to +0.5 and -0.5.

4) Step detection

A step is detected in sample i when a swing phase ends and stance phase starts. These two
conditions must be satisfied:

1) A transition from high to low acceleration (B;,_, > By,), and

2) There should be at least one low acceleration detection in a window of size w ahead
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of current sample i, i.e.. min (By ;i +w) = T,

5) Finally the steps vector is iterated to obtain the average time between steps

Figure 17 shows the main signals taking part in the step detection and counting algorithm
applied in a basic walking example.
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Figure 17: Step counting algorithm signals

Obtained the number of steps, the total distance walked can be directly estimated considering
the stride length of each step to be constant and with a value of 0.74 meters [21].

5.4.2 Stairs detection and counting algorithm

The algorithm implemented for stairs detection and counting based on peak detection consists

of the following stairs:

1) Calibration routine
During a frame of movement, samples of linear acceleration [Acc(x), Acc(y), Acc(z)] are
collected to estimate the mean in the acceleration. The energy of the average is estimated and
considered as bias to compensate similar to the step detection algorithm in Equation 12 and

Equation 13.
2) Energy of acceleration

The simplest way to produce useful data out of the three components of the sensor is to take
magnitude of the acceleration vector. Compute the energy of the acceleration, ai, for every

sample similar to Equation 14.
3) Low pas filter and bias compensation

Low-pass filters provide a smoother form of the signal, removing the short-term fluctuations,
and leaving the longer-term trend. LPF [ai] is the discrete low pass filter signal of the
acceleration energy readings. It has been applied using a discrete-time implementation of a
simple RC low-pass filter as show below in Equation 18, with a smoothing factor of a=0.9.
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LPF[al] =Xqa;_1+ (1— OC) a;

Equation 18: Discrete implementation of a low pass filter

To compensate the bias the value Acc.yp, is removed for all the energy filtered samples
(Equation 19)

Energyla;] = LPF[a;] — Acceaip

Equation 19: Bias compensation for the energy filtered signals

4) Peaks detection

A peak is detected if during PREVIOUS_SAMPLES (value = 5) the backwardSlope of the current
sample is positive and in the next sample the forwardSlope becomes negative being these two
functions as detailed in Equation 20.

forwardSlope = alk + 1] — alk] and backwardSlope = alk] — a[k — 1]

Equation 20: forwardSlope and backwardSlope functions definition

5) Step detection
A threshold is applied to detect those peaks considers stairs.

The energy signal if is traversed by a buffer of a fixed number of samples. In this
implementation, the buffer length is 100 samples.

For every set of samples in the buffer peakMean (Equation 21) is calculated and multiple by a
guard factor (G=0.6). This new value C is the threshold for each set of samples. The peaks
detected have effect on the threshold and on the responsiveness of the algorithm changing
the threshold value.

1

“Poaks Z PeakValues

peakMean =

Equation 21: peakMean function definition

The final part of the algorithm is to iterate again over the Energy [a;] and detect which peaks
are above the threshold.
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Figure 18: Stair counting algorithm signals

Figure 18 shows the main signals taking part in the stairs detection and counting algorithm
applied in a basic climbing down stairs example.

The total height climbed can be estimated considering the maximum stair height regulated by
the international code council and fixed to a value of 0.178 millimeters.
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Chapter 6. System implementation

The system implementation can be divided in two main parts: the mobile application to gather
the data from the user and the server side to apply the signal processing algorithms and the
activity recognition decisions.

6.1 Mobile application

The data acquisition process from the sensors embedded in the smartphone has been
implemented through a basic mobile Android application.

Data Acquisition

Acceleration:

X:0.11 Y:-0.08 Z:9.69
Orientation:

X:171.00 Y:-1.00 Z:1.00
Gyroscope:

Magnetic field:
X: -4.40 Y:-24.40 Z:-43.20

Luminosity:

96.01 Ix

Signal strength:
-Mobile : 27 /31

WiFi level:

USF-FMR (70:56:81:ch:51:33)
-87 dBm

USF (d0:57:4¢:08:08:70)

-54 dBm

USF-Guest (d0:57:4¢:08:08:72)

Figure 19: Mobile application screenshot

As we can see in the screenshot (Figure 19), the application show the raw data collected from
the inertial sensor available in the device: accelerometer, gyroscope and magnetometer and
other built-in sensors. Several text views are placed on the only activity screen to display the
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information collected. Additionally the mobile application is in charge of send the information
packet to the server when the motion test finishes.

6.2 Server side

The server receives the raw data sent by the mobile device at the end of every single test via a
web service. The different modules detailed in the system design are accomplished by several
synchronized threads. Finally the server display the activity decision for the traces sequences
and the details estimated for every single trace.

6.3 Programming languages

Java EE has been de programming language used to develop the whole Project.

6.4 Development tools

Eclipse has been the integrated development environment (IDE) used to implement both sides:
server and mobile application.

For the Android mobile application development we have used the Android SDK . This
environment provides the API libraries and developer tools necessary to build, test, and debug
apps for Android. It includes the Eclipse IDE with built-in ADT (Android Developer Tools) to
streamline Android apps development.

Additionally the ADT Bundle includes everything needed to begin developing apps:

- Eclipse + ADT plugin

- Android SDK Tools

- Android Platform-tools

- The latest Android platform

- The latest Android system image for the emulator

The server code has been developed using Eclipse Juno (4.2 platform version)

2 http://developer.android.com/sdk/index.html
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Chapter 7. Evaluation

In this section, we evaluate the performance of our system with several basic tests and a
complete motion trace. We start by describing the methodology applied, followed by the
detail of the result charts obtained and it concludes with final discussion of the tests results.

7.1 Methodology

We implemented the system on a Samsung Galaxy Sll running the Android OS, and evaluate
across different indoor spaces and activities. In our experiments different users carried phones
in texting position.

The first set of tests is used to evaluate the accuracy of the basic algorithms while the second
testbeds analyze the activity recognition tree.

The results are sent to the server, processed and the results are obtained immediately after
the test.

7.2 Results

Table 5 shows the results of applying step detection and counting algorithm. The test consists
on repeating five times, three walking trips in corridors with different distances of: 5, 10 and

15 steps

Step counting tests | Test1 | Test2 |Test3 | Test4 |Test 5 | Average | #Errors
Distance 1: 5 steps 5 5 5 5 5 5 0
Distance 2: 10 steps 10 10 10 10 10 10 0
Distance 3: 15 steps 15 15 15 15 15 15 0

Table 5: Step counting tests results

Table 6 summarizes the scores of heading changes detection algorithm for four different
sequences of three heading changes: Left-Rigth-Left (L—R-L), R—L—R, R—L-L and R—R-L. Each
experiment was repeated five times.

Tuns detection tests | Test1 Test 2 Test 3 Test 4 Test 5 | #Errors
Sequence 1: L-R-L LRL LRL LRL LRL LRL 0
Sequence 2: R-L-R RLR RLR RLR RLR RLR 0
Sequence 3: R-L-L RLL RLL RLL RRL RLL 1
Sequence 4: R-R-L RRL RRL RRL RRL RRL 0

Table 6: Turns detection tests results

Table 7 shows the results for our stairs detection and counting algorithm repeated five times
for two motion traces of 5 and 10 stairs respectively.
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Stairs detection tests | Test1l Test 2 Test 3 Test 4 Test 5 | Average #Errors
Motion 1: 5 stairs 5 5 5 5 0
Motion 2: 10 stairs 10 10 10 10 10 10 0

Table 7: Stairs counting test results

Table 8 shows the confusion matrix for the activities classification.

Activity /Detected Stationary | Elevator | Walking | Stairs | #Errors
Stationary 10 0 0 0 0
Elevator 1 9 0 0 1
Walking 0 0 9 1 1
Stairs 0 0 2 8 2

Table 8: Activity classification tests results

7.3 Discussion

The previous tables show good results for the specific algorithms. One the activity is identified,
the individual processing signal algorithms are able to detect with high accuracy walking steps,
stair steps and turns. According with the previous Tables (Table 5, Table 6 and Table 7 ) our
pattern recognition techniques are able to detect and to track successfully the number of
walking steps and stairs steps performed by the testers.

In contrast, the activity recognition task results more indeterminate and errors are found in
the decision tree results between walking/stairs traces and elevator/stationary periods (Table
8). This confusion in activity classification leads to false positives. The main reason in the
activity detection fails is that indoor signatures are not stable and they can fluctuate over time
and depending on the location. For instance the Faraday shield phenomenon does not affect in
the same way to the set of elevators tested, showing that the reduction in the level of
magnetic field energy is not constant. Also, stairs in indoor environments can be built with a
difference inclination grade (relation axis Y and Z) and to fix a threshold for the YZcorrelation
value is not evident. However, even with this difficulty, the activity recognition module can

still achieves good accuracy, with an overall of 90% of hit rate.

While more rigorous experimentation is necessary (across more buildings, people, phone and
models), we believe the results from these small scale tests are promising to justify moving
forward. Thus, we are working on new techniques to improve the current results, such as the
use of new sensors to estimate height variations or a participatory sensing approach to
combine activity decision results from multiple users. These ideas, complemented with some
other future works, are detailed in the following section.
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Chapter 8. Conclusions

In the global scenario of Navigation Systems the ability to track people in indoor environments
has particular interest for many ubiquitous computing systems.

Our work provides a technique to create automatically accurate indoor pedestrian traces
based on the noisy inertial sensors in today’s commodity smart phones. The system proposed
tracks pedestrians in indoor scenarios where maps data are not provided a priori and in a
transparent manner to the users. Corners (using a gyroscope), stairs, steps, and corridors
(making use of an accelerometer), and elevators (considering a magnetometer readings) are
detected and detailed in constrained indoor environments.

Currently, we are expanding our system working on different directions including:
independence of phone’s location and multisensory fusion adding new collectors of date to
the system. Performance results suggest strong motivation to pursue the goal of real
deployment.
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Chapter 9. Future Works

The presented evaluation has been performed under a unique position of the smartphone and
the analysis shows the results in the messaging position. A complete solution should consider
the performance of the system in several usual positions of the device, like: calling, swing
(refers to the position in which the user holds the device in hand while walking) and pocket
(the device sits in the user’s pocket/bag, which is the most common position for the device
when the user is walking). Since most of the algorithms use the magnitude of the signal
considering the source of data the 3D sensor measurements they should potentially work in
any of the described cell phone’s location.

In the current version of the system, the collecting data module is initiated manually by the
user when entering in an indoor location. A useful improvement would be the automatic
change from outdoor location to indoor location. For instance, a smart implementation could
activate the indoor location part taking into account the fact that building entrances are
characterized by a visible drop in the GPS confidence when the user moves from outdoors to
indoors.

Recently modern smartphones and tablets are equipped with new sensors such as Barometric
pressure sensor. Based on previous works and techniques for detecting floor changes [24] [25],
the use of these algorithms could be integrated in our indoor localization system to ameliorate
the detection of stair or elevator states and the estimation of height climbed/traveled.

So far just individual human motion traces have been considered, but the system could
multiply its performance using participatory sensing and taking motion traces from multiple
users. Location of landmarks can be made more accurate by combining the rough estimates
form multiple users and additional functionalities could be developed like floor plans
combined creation, group security plans, resource-efficiency politics or group activity
recognition [26].

To include concrete additional functionalities to the system, some relative landmarks should
be identified as absolute points. For example, in the case of floor plan creation based on
participatory sensing in a building with several entrances, multi-modal fusion sensing would be
required to associate the multiple locations and identify those that are the same as unique.
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Chapter 11. Appendices

Appendix A: Content in the CD-ROM Submitted

This appendix includes a description of the contents submitted in the CDROM. The
documentation, source code and additional material included in the presentation are
explained in the following Table 9.

Directory Content
./readme.txt File explaining basic info about the project
./Documentation/Report.doc .doc file including all the information about

the project.

./Documentation/Report.pdf .pdf created form Report.doc

./Documentation/AndroidSensorAPI.pdf Presentation created during the development
of the thesis, to explain the use of Android
Sensor API. It includes a detailed example of
use to collect raw data from the Android
Sensors.

./Documentation/Paper.pdf .pdf showing the paper created from the
research work and submitted to the Springer
journal Mobile Networks and Applications.

./SourceCode This folder contains all the source code
necessary to run the location system.
./SourceCode/SensorApp Java Project developed in Eclipse for the

Android mobile device

Table 9: Contents in the CDROM
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Appendix B: Journal Paper

A journal paper titled

“Multi sensor algorithms for pedestrian activity recognition in
indoor scenarios”,

has been created thanks to the research work developed in this master thesis.

The current version of the paper has been included in the CDROM detailed above, and the 3™
July 2013 the paper has been submitted to the JCR Springer Journal Mobile Networks and
Applications. The submission is being processed and the current status is pending of editor
assignment.
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Appendix C: Android sensor APl seminar

During the development of this thesis | was asked to create a presentation about the use of
the Android Sensor API. This presentation was explained in a seminar at Department of
Computer Science and Engineering at University of South Florida (Tampa — USA)

The presentation includes basic information about the sensor frameworks and details an
example of use to collect raw data from the Android Sensors. Similar to the journal paper, a
.pdf file with the slides is available in the documentation folder included in the CDROM
submitted.
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