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ABSTRACT

CONTEXT-AWARE MOBILE DIARY

Human memory is fallible. As a remedy to this problem, in the near future wear-
able devices will have the potential to automatically record every bit of information
concerning a person and his/her environment continuously. This way, lifelog of a per-
son can be generated. In this thesis, we present a mobile lifelogging application that
captures daily experiences of a smartphone user and allows to retrieve them later. In
this direction, we first introduce a system named Smartphone Tracker which allows us
to conduct large-scale data collection studies using smartphones. Using this system,
we investigate the sensing capabilities of smartphones through a real life data collec-
tion study with 22 participants. Second, we present a novel algorithm which provides
semantic location awareness to mobile devices. Using this algorithm, we are able to
detect the entry/departure times to/from semantically meaningful places a user visits,
such as home, office, parents’ home, etc. Finally, we present a mobile lifelogging ap-
plication named Auto Diary which automatically records SMS messages, phone calls,
weather conditions, ambient audio and visited places. In addition, a retrieval func-
tionality is offered which allows to retrieve past experiences via associative cues. For
example, the cues from the statements “It was a rainy Monday morning. I was in my
office and received a phone call from my brother between 10 am and 12 am.” can be
used as query terms in the application to retrieve the experiences (e.g., audio record-
ings) captured in the described day. We envision that Auto Diary can be useful for
people experiencing episodic memory impairment. It can also be useful for people who

want to remember their past experiences with greater precision.



OZET

BAGLAM FARKINDA MOBIL GUNLUK

Insan hafizasi yanilabilir. Bu probleme bir ¢oziim olarak, yakin gelecekte giy-
ilebilir cihazlar bir kisgi ve kiginin cevresi ile ilgili her tiirlii bilgiyi otomatik ve araliksiz
bir gekilde kaydetme potansiyeline sahip olacaklar. Bu sayede bir kiginin hayat kaydi
olugturulabilir. Bu tezde, bir akill telefon kullanicisinin giinliitk deneyimlerini kayd-
eden ve daha sonra geri elde edilmesini saglayan bir mobil hayat-kayit uygulamasi
sunulmaktadir. Bu baglamda ilk olarak Smartphone Tracker adinda, akilli telefonlar
kullanarak genig ¢aplh veri toplama ¢aligmalar: yliriitmemizi saglayan bir sistem sunuy-
oruz. Bu sistemi kullanarak, 22 katilimcili bir veri toplama g¢aligmasi iizerinden akill
telefonlarm cevresini algilama yeteneklerini inceliyoruz. Ikinci olarak, mobil cihazlara
anlamsal mekan farkindaligi saglayan yeni bir algoritma sunuyoruz. Bu algoritmay1
kullanarak, bir kullanicinin ziyaret ettigi ev, ig yeri ve ebeveynlerin evi gibi anlamsal
olarak degerli mekanlara/mekanlardan girig/¢ikis zamanlarim belirleyebiliyoruz. Son
olarak, telefon goriigmelerini, kisa mesajlari, hava kosullarini, ortamin sesini ve zi-
yaret edilen mekanlar1 otomatik olarak kayit altina alan Auto Diary adinda bir mobil
hayat-kayit uygulamasi sunuyoruz. Ek olarak, gecmis deneyimlerin iligkisel igaretler
ile geri getirilmesini saglayan bir 6zellik de sunulmaktadir. Ornegin, “Yagmurlu bir
pazartesi sabahiydi. Ofisimdeydim ve kardesimden saat 10 ile 12 arasi bir telefon
aldim.” ctimlelerindeki igaretler, tanimlanan giin icerisinde kaydedilen ses ve benzeri
deneyimlerin geri getirilmesi amaci ile uygulama icerisinde sorgu terimleri olarak kul-
lanilabilir. Auto Diary’'nin epizodik bellek bozuklugu yasayan insanlar igin faydal
olabilicegini ongoriiyoruz. Uygulama, ge¢mis deneyimlerini ¢ok daha detayli gekilde

hatirlamak isteyen insanlar i¢in de faydal olabilir.
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1. INTRODUCTION

Context-aware computing research aims to build systems that are able to sense
an individual’s changing context and adapt their operations accordingly [1]. There are

numerous definitions of context in the literature [1-4]. Dey [4] defines context as

“any information that can be used to characterize the
situation of an entity. An entity is a person, place, or
object that is considered relevant to the interaction be-
tween a user and an application, including the user and

applications themselves”.

Many forms of context-awareness can be found in a smartphone. Figure 1.1 shows
an Android smartphone named Samsung Galaxy S5 produced by Samsung Electronics
in 2014. It contains an accelerometer, a geomagnetic sensor, a gyroscope, a light sensor,
a barometer, a proximity sensor, a gesture sensor, a fingerprint sensor, a hall sensor, and
a heart rate sensor [5]. Most of these sensors can also be found in today’s other off-the-
shelf smartphone models. For example, the accelerometer and gyroscope are used in a
smartphone to determine the motion of a smartphone. Using this information, in which
orientation the user is holding the smartphone is determined and the user interface is
adapted accordingly. The light sensor is used to measure the intensity of ambient light
in an environment and the screen brightness is adjusted accordingly to optimize the
screen visibility. The proximity sensor is used to disable the touch screen when making
a call in order to prevent accidental touches of head to the screen. Fingerprint sensor,
barometer, heart rate sensor and hall sensor are examples of new types of sensors in
today’s smartphones. Fingerprint sensor is used for biometric identification of the user.
Barometer measures the atmospheric pressure and the altitude of the environment the
user is in. Heart rate sensor measures the flow rate of blood cells in a user’s finger and
the heart rate of the user is determined. Hall sensor detects whether the smartphone

cover which protects the screen is open or not.



Figure 1.1. Samsung Galaxy S5 smartphone. It contains ten different sensors:
accelerometer, gyro, proximity, compass, barometer, hall, RGB ambient light,

gesture, fingerprint and heart rate [5].

In addition to built-in context-awareness which mostly improves the usability of
a smartphone, new context-aware applications can be developed for smartphones that
make use of the available sensors. Mobile operating systems (OS) allow applications
to access data of the sensors through application programming interfaces (API). For
example, an application can estimate the type of physical activity that the user of
a smartphone is performing such as walking, running, sitting and standing using the
accelerometer [6]. Transportation mode of the user such as stationary, walking, run-
ning, biking and in motorized can be inferred using the GPS and accelerometer [7].

Microphone can be used to classify the ambient sound as music, speech or silence [8].

In this thesis, we utilize the context-awareness of smartphones to develop a mobile
lifelogging application. Lifelogging is the process of recording information concerning a
person and his/her environment continuously. Lifelogs can be a remedy to consequences
of memory malfunctions [9,10]. The invention of writing enabled human beings to en-
code their experiences in symbols and reconstruct them later in a systematic way. The
invention of sensors such as microphone and camera enabled to store and retrieve our
experiences with greater precision and efficiency. Smartphones equipped with various

sensors are suitable platforms to develop lifelogging applications.

In this direction, we first introduce a system named Smartphone Tracker which



enables us to conduct large-scale data collection studies using smartphones. Android,
iOS, BlackBerry OS and Windows Mobile are some of the today’s most used mobile
operating systems. In 2013, 78.4% of the mobile devices sold worldwide use Android
OS [11]. For this reason, we built Smartphone Tracker system targeting mobile devices
running Android OS. There are many smartphone vendors such as Samsung, HTC,
Sony and LG that produce mobile devices that run Android OS. Even though all of
the mobile devices produced by these vendors comply with the requirements of Android
OS [12], there are differences in the hardware components used in them such as the
capacities of their batteries and the precisions of their sensors. Furthermore, there
are different versions of Android OS with varying hardware requirements. In order to
obtain an insight on smartphone usage patterns of users and the differences between
different smartphone models, we conducted a five days long real life data collection

study using Smartphone Tracker system. We present our insights from this study.

In order to determine semantically meaningful places of a smartphone user such
as home, office and coffee shop, we developed an algorithm that relies on Wi-Fi in-
frastructure. In this algorithm, we periodically conduct Wi-Fi scans. When a wireless
access point (AP) is found in consecutive Wi-Fi scans for a significant amount of time,
the user is notified to give a name to his/her current location. When a name is sup-
plied by the user, the algorithm associates nearby AP MAC addresses (BSSID) with
the given name creating a Wi-Fi fingerprint for the location to remember the location
in the future. To the best of our knowledge, there is no algorithm in the literature that

employs real time user feedback to learn semantically meaningful places of a user.

Finally, we present a mobile lifelogging application named Auto Diary. This
application logs phone calls, SMS messages, weather conditions, ambient audio and
visited places. Visited places are logged using our novel algorithm. All of the captured
experiences are shown in a daily timeline to the user. A retrieval functionality in this
application allows to retrieve past experiences using associative cues. For example, a
user remembering a rainy Monday morning in which s/he received a phone call from
his/her mother can use these cues to retrieve his/her experiences (e.g., audio recordings)

captured in the day described by the cues.



1.1. Contributions

Our contributions to the literature in this thesis can be summarized as follows:

e We present a system named Smartphone Tracker which allows us to conduct large-
scale data collection studies using smartphones. We believe the design details of
this system will be useful for other researchers working on smartphone sensing.

e We introduce a privacy preserving audio recording mechanism for smartphone
data collection studies in which audio is transmitted to a server. In this mecha-
nism, a smartphone user is able to listen automatically recorded audio files and
choose which ones to upload to the server.

e We conducted a real life data collection study using Smartphone Tracker sys-
tem with 22 participants for five days. In this study, we collaborated with a
psychologist. We share our insights obtained from the study.

e We present a novel algorithm which provides semantic location awareness to
mobile devices. This algorithm discovers semantically meaningful places of a
mobile device user such as home, office and parents’ home and tracks visits to the
discovered places. We employ real time user feedback in this algorithm to learn
both the names and the Wi-Fi fingerprints of the places.

e We present a mobile lifelogging application named Auto Diary. This application
records phone calls, SMS messages, weather conditions, ambient audio and visits
to places automatically. Visits to places are logged using our novel algorithm.
All of the captured experiences are displayed in a daily timeline to the user. In
addition, a retrieval functionality is offered in this application which allows the
user to retrieve his/her past experiences using associative cues. We plan to put
this application on the Android applications distribution platform.

e We developed a utility application named Sensor Log targeted for Android smart-
phones. This application eases the process of collecting and labeling sensor data
from smartphones. The application can be downloaded from the Android appli-
cations distribution platform ! . Details of this application are given in Appendix

B.1.

Thttp://hfalan.com/sensorlog



1.2. Thesis Outline

The rest of the thesis is organized as follows: In Chapter 2, we present the related
work in lifelogging, semantic location awareness, and smartphone sensing domains. In
Chapter 3, we introduce a smartphone sensing system named Smartphone Tracker
and give our insights from a real life data collection study which was conducted using
the introduced system. In Chapter 4, we present a novel algorithm which provides
semantic location awareness to mobile devices. In Chapter 5, we introduce a context-
aware lifelogging application named Auto Diary. Finally, In Chapter 6, we conclude

the thesis and discuss the future work.



2. RELATED WORK

2.1. Lifelogging

In 1945, Bush envisioned an electromechanical proto-hypertext machine that will
allow individuals to store and share knowledge on microfilms [13]. The machine is
described as a supplement to one’s memory. In 2002, Microsoft Research presented a
system named MyLifeBits as the fulfillment of the Bush’s vision [14]. The first exper-
iment was to archive digital life of Gordon Bell, an employee of Microsoft. Between
2001 and 2005, over 234,000 digital documents including emails, web pages, images,
audio and video files belonging to Bell were archived [15]. In the experiment, a sensor
augmented wearable camera named SenseCam, which was also developed by Microsoft,
was used to capture photographs periodically [16]. The device is worn around the neck
and takes photographs automatically [Figure 2.1]. It contains a light intensity sensor,
a light color sensor, a passive infrared (body heat) detector, a temperature sensor and
a multiple-axis accelerometer. The camera takes a photograph when it is triggered by
a sensor (e.g., the detection of body heat or a change in the light intensity). The user

can also set a timer to take photographs periodically.

Figure 2.1. SenseCam [17]. A sensor augmented wearable camera that captures

photographs periodically or when it is triggered by a sensor.



Aizawa [18] presents a life log system that captures data continuously from a
wearable camera, a microphone and various sensors all connected to a notebook PC
as a main unit. System collects video, audio, acceleration, orientation, position from
GPS, annotations, documents, visited web pages, emails and application usage infor-
mation. From the collected data, keys that can be used for indexing the recorded video
are extracted. For example, physical activity of the user such as walking, running or
not moving is determined using accelerometer and gyro. From the GPS data, impor-
tant location addresses, where a user spends significant time, are discovered. Various
information from the Internet are recorded such as news and weather conditions. A
user can also enter textual annotations at any time. All of the extracted keys can then

be used to retrieve a video recording at a specific time described by the keys.

Abe et al. [19] proposes a lifelogging system to collect human behavior with
higher level tags such as expenditure, tasks and accompanying-person. Data collection
is performed on the fly using a smartphone application and post processing is done with
a PC browser. A user can review the collected data such as locations on a map and
assign tags using a PC browser. In addition, tags can be supplied on the smartphone
application. When the smartphone application is started, tags such as location, purpose
of being there, accompanying person are automatically guessed using the similarities
from activity history and the user corrects the erroneous guesses. It is shown that the
time spent on the logging application is decreased over time as the system captures

behavior patterns of a user and finds out similarity among users.

Vemuri et al. [20] focuses on recording audio in daily life to alleviate long term
memory problems. A software that runs on personal digital assistants (PDA) is de-
signed to record audio when the user of the device activates it. The recorded audio
files are processed using a third-party speech-recognition software to extract transcripts.
Later, the user can retrieve relevant audio segments using the keywords that pass in
the transcripts. A computer software is designed which displays the transcripts of
recorded audio files. Each word in the transcripts is emphasized relative to recogni-
tion confidence given by the speech recognizer for it. A user study is conducted where

the participants are given questions related to a three-day conference that was orga-



nized one month before the study. It is shown that using the designed audio retrieval
mechanism, a user is able to find answers inside hours of audio recordings in a few

minutes.

Frank et al. [21] uses probabilistic translation model to produce English-language
descriptions of sensor events. The model is trained with English-language descriptions
of events and corresponding sensor data. Hierarchical Dirichlet Process [22] is used for
modeling and clustering Wi-Fi data. Stories similar to "I left home at 04:20. T arrived

at auditorium at 11:48. I arrived at home at 20:34” are produced.

Chennuru et al. [23] employ statistical natural language techniques to efficiently
index, recognize, segment, cluster retrive and infer high-level meanings from lifelogs.
A Nokia N95 phone mounted on a helmet is used as a lifelogger. Using this con-
figuration, GPS coordinates, acceleration, sound, rotation sensor readings and Wi-Fi
signal strengths are collected. Raw sensory data are quantized using K-means algo-
rithm (KNN). Generated clusters constitute the “activity language” of the system.
Similarity between different lifelog segments are calculated by measuring the similarity
between corresponding activity language sentences. Using the web interface of the de-
veloped system, a user can select a lifelog segment and similar segments from the past

are shown to him/her on the interface.

Blum et al. [24] developed a system named inSense which takes a picture and
records a short audio clip when it detects an interesting moment. The system is
a hardware platform which consists of a personal digital assistant (PDA) placed on
the wearer’s chest and two wireless accelerometers one is placed left side of the hip
and one is worn on the wrist. Location, speech, posture and activities are used to
determine a user’s context. The system continuously records audio and acceleration
signals, takes a picture every minute and logs Wi-Fi access points. Various machine
learning methods are experimented to extract activities from the collected data. Later,
a rule based approach is followed to determine interestingness of inferences from the
data by assigning points to specific activity types. For example, laughter is given five

interest points whereas no speech is given zero points. When the interest point exceeds



a certain threshold, a picture is taken and audio is recorded. It is shown with a user
study that when interest point based algorithm is employed system captures more

interesting scenes compared to periodically taking pictures.

2.2. Semantic Location Awareness

Marmasse et al. [25] developed a mobile system to learn frequently visited loca-
tions of a mobile device user. The system uses GPS and employs user feedback. If GPS
signal is lost in an area, then it is inferred that there is a building in the vicinity. A
location from GPS is requested every ten seconds. If GPS signal is lost three times in-
side a given radius, the system marks the location as salient and the user is prompted
to give a name to this location. The authors mention two of the main problems of
their system. First, it is stated that the system experiences long delays acquiring GPS
position especially when the user is exiting a building. In order to solve this problem,
the system is modified to detect only arrivals. Second, GPS signal may sometimes be

available inside some of the buildings which causes the GPS signal loss heuristic fail.

Ashbrook et al. [26] clusters GPS data to find meaningful places. GPS data are
recorded with a wearable GPS receiver and a GPS data logger. The logger records GPS
position with an interval of one second. It is mentioned that GPS signal is lost when
the user enters a building and for most people buildings can be considered as significant
places. A place is defined as any logged GPS point with an interval of time t between it
an the previous point. The value of ¢, the minimum stopping time in a place in order to
consider the place as significant, is taken as ten minutes. The collected GPS data are
clustered with a variant of k-means clustering algorithm. In this algorithm, an initial
GPS point and a radius are chosen. All the points in the radius of the chosen point are
used to calculate a mean point. The mean point is then taken as the new initial point
and the procedure is repeated until the mean point stops changing. Finally only the
mean point is kept and other points are discarded. All of the GPS data are processed
in this way to find significant places. A user study is conducted and after the data
collection it is requested from the users to label significant places found in the data. It

is found that common locations are named similarly by the users.
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Montolu et al. [27] presents a framework to discover places of interest from multi-
modal mobile phone data. A client-server architecture is developed to collect GSM,
GPS, Bluetooth, Wi-Fi and accelerometer data from mobile phones. The client side
application is installed to mobile phones. The application conducts Wi-Fi scans and
learns the locations of the APs found in the scans by tagging them with GPS coordi-
nates. First, the position of the phone is tried to be inferred from the nearby APs with
a known location. Second, using the accelerometer and other sensors they determine
the periods of time when a phone is static. When a phone is determined as static, the
last known location is used. Finally, location is obtained from GPS if no nearby AP
is found, the phone is not static or last location of the device is not known. Collected
data are uploaded to a server. On the server side stay points which are clusters of
location points and stay regions which are clusters of stay points with the same se-
mantic meaning are determined. Three constraints are introduced in the algorithm to
determine stay points. D,,., is the maximum distance that a user can cover in a place,
Trnin is the minimum time that the user must be in the same place and T,,, is the
maximum time difference between two consecutive location points. They use T}, =
30 min., Dye = 250 m. and T),,, = 10 min. in the experiments. Density-based [2§]
and grid-based [29] clustering algorithms are experimented to determine semantically
meaningful places defined as stay regions. Two experiments, one with eight people
over five months and another with 124 volunteers along almost a year were conducted.
The participants in these studies labeled the found places using 22 predefined labels.
92% of the places found by the algorithm were known by the participants. The al-
gorithm determined the homes and the work places of the participants with 97% and

79% accuracies respectively.

Kang et al. [30] extracts important places of a user from the locations obtained
by Place Lab [31], a coordinate-based location system that keeps locations of APs
in a database. The main idea of their algorithm is to cluster the locations in the
time domain. Clusters are formed incrementally with the acquisition of each location
measurement. Time threshold (¢) and distance threshold (d) are the two parameters
of the algorithm. If the distance between the mean point of an existing cluster and

a new location is less than d, the location is added to the cluster. If the distance is
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larger than d, a new cluster is formed with the location. If the time spent in a cluster
is more than the time threshold ¢, a new significant place is found. d determines the
size of clusters. ¢ determines the number of clusters. In the experiments, d is chosen
between 30m and 50m. ¢ is chosen at least 300 seconds. They show that the algorithm
is able to discover clusters in location traces where conventional clustering algorithms

such as k-means and Gaussian mixture model fail.

Ye et al. [32] determines significant places of an individual based on spatial and
temporal analysis of GPS data. If an individual spends more than 30 minutes within
a 200 meters range then this location is determined as a stay point. Stay points are
then clustered using a density based clustering algorithm and visits to these clusters

of stay points are used as the location history of the individual.

LaMarca et al. [33] introduce a radio beacon based approach called Place Lab
to determine location of a mobile device. Wi-Fi access points, GSM cell towers and
Bluetooth devices are called as beacons. Place Lab keeps a database of unique beacon
identifiers mapped to physical locations. For example, APs and bluetooth devices
broadcast their MAC addresses to be found by other mobile devices. GSM cell towers
have unique cell identifiers. Place Lab uses a venn-diagram-like intersection of observed
beacons to estimate the location of a mobile device. In the experiments it is shown
that when there is sufficient density, AP beacons provide median accuracy of 20 meters
whereas GSM beacons provide 100-200 meters accuracy. It is mentioned that Bluetooth
scans take approximately ten seconds to complete and even with walking speed a
mobile device misses Bluetooth beacons. Furthermore, Bluetooth device density is
found very low in many environments. However, in an experiment it is shown that
when Bluetooth beacons are deployed to an environment strategically they increase

the location estimation of Place Lab.

Laasonen et al. [34] uses GSM network cell information to discover important
places of a person without knowing the physical topology of the network. Timestamped
sequence of GSM cell identifiers constitute the location data and transitions between

different cells are determined. All of the cells with a transition time below a certain
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threshold between them are put into same cluster. ¢; = 3 min, £, = 10 min and t3 = 60
min are used to cluster cells in different time transition resolutions. t; captures towns
or cities, ty discovers individual cities and t3 discovers regions of countries. However,
many problems are mentioned with their system. Cells can be large up to kilometers
in diameter. There may be overlaps between several cells and due to changing radio
interference one-to-one correspondence between a physical location and a cell is not

possible.

Hightower et al. [35] present an algorithm named BeaconPrint which periodically
scans for Wi-Fi and GSM signal sources called beacons. The algorithm uses a time
window w. In w, all of the unique beacons nearby are determined and scan count
histograms of the beacons are generated. After w, if there is no new beacon around,
the algorithm infers that the radio environment is stable. When the mobile device
enters a new environment, it compares the live fingerprint with the beacon histograms of
previously learned places to determine most similar fingerprint. Performance evaluation
of the algorithm is done using three people’s montly GPS traces. BeaconPrint achieved

over 90% accuracy in learning and recognizing places.

Kim et al. [36] presents an algorithm named PlaceSense to discover semantically
meaningful places from Wi-Fi or Cell tower fingerprints. The algorithm is similar to
BeaconPrint algorithm which is introduced in [35]. It uses a scan window to determine
beacons in the environment. A scan window is determined as stable if it does not
contain any new beacons. The number of stable windows required to determine an
entrance to a place is given as a parameter. A response rate which equals to ratio of
detection count of a beacon to total number of scans in a window is calculated for each
beacon in the window. Beacons with a response rate greater than a certain threshold
are determined as representative beacons of a place. A departure is determined if all of
the representative beacons of the current place disappear and new beacons are found
in a scan window. In the experiments window length is used as two minutes. Number
of stable windows required to determine an entrance is used as three. It is shown
that PlaceSense discovers 92% of the visited places and detects entrance and departure

times.



13

Kim et al. [37] presents a semantic location service named Loci which runs on
a mobile device and uses Wi-Fi fingerprints as input. It learns new places, suggests
potentially meaningful places, recognizes registered places and tracks paths connecting
places. The service gathers potentially meaningful places during the day and the user
reviews them. A new place is determined when the user stays more than five minutes in
a place. A Wi-Fi scan is conducted every ten seconds. If Wi-Fi fingerprint similarity is
above a certain threshold for three consecutive scans, an entry to a place is determined.
Accelerometer is used to determine times when the device is immobile and Wi-Fi scans
are stopped if the device is not moving. A mobile user interface is designed in which a
user can review the suggested places. A user can add a suggested place to an existing
place which allows to associate several Wi-Fi fingerprints with a place. The locations
of Wi-Fi access points are learned using GPS. The locations of APs, Wi-Fi access point
names and recent visit times are shown to user in order to assist the user determining
valid places among the suggested places. It is mentioned that in order to improve
semantic location services, user feedback with well-timed prompting mechanisms are
needed. In addition, in order to improve the algorithm’s performance incorporating
the user feedback into the place detection algorithm as a parameter is included in the

author’s research agenda.

2.3. Smartphone Sensing

Froehlich et al. [38] presents a system named MyExperience which runs on Win-
dows Mobile devices and captures mobile computing activities of a user through auto-
matic data logging and event-driven experience sampling. The system supports logging
more than 140 event types related to phone calls, SMS, application usage (e.g, music,
video and games), calendar appointments, contacts, Bluetooth, GSM and Wi-Fi. It of-
fers an XML interface for researchers to define survey questions and configure sensors.
Through embedded scripts, conditions can be defined to trigger surveys. For example,
a script can be defined such that when a phone call is finished with 20% probability
a survey is displayed to the user. Using this system, several studies are conducted
such as battery charging behavior analysis and SMS usage analysis. In SMS usage

study, a survey is triggered after each SMS is sent. Questions investigating the partic-
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ipant’s location, the purpose of the sent message and the reasons for using SMS over
other communication technologies are included in the survey. The reasons mentioned
for SMS use were “responding to a previously received message”, “convenience/faster”
and “couldn’t use voice”. In the battery charging behavior analysis study, the users are
surveyed at the moment when they start charging their phone. The reasons mentioned
for charging the phone were “to synchronize the phone”, “battery was getting low”

and “habit”.

Aharony et al. [39] presents an open source smartphone sensing framework named
Funf targeted for Android smartphones. Various types of data can be collected peri-
odically using this framework from smartphones including sensor data, battery level,
location from GPS and application usage. The framework can be extended to collect
any type of data that Android OS allows to access. In this thesis, we use Funf frame-
work as a part of our smartphone sensing system named Smartphone Tracker which
is introduced in Section 3.1. In Section 3.1.1, we give a detailed description of Funf

framework.

Miluzzo et al. [40] developed a mobile application named CenceMe which infers
the context of a smartphone user and shares the inferred information through social
networking applications such as Facebook and MySpace. The application is targeted for
Nokia N95 mobile phones. Data from accelerometer, GPS, microphone and Bluetooth
are used to make inferences on the mobile phone. Sound samples from microphone are
used to classify the ambient sound as human voice, noise or silence. Accelerometer is
used to determine the type of physical activity performed such as walking, standing
and running. GPS speed is used to determine the mobility of the user as stationary,
walking or running. GPS location history is processed to discover significant places
and visits to these places are logged. MAC addresses found in Bluetooth scans are
used to determine nearby people who also use CenceMe application. Collected data
are transmitted to server and high level inferences are made on the server side. For
example if sound level is above a certain threshold and activity is close to running, the
user is determined as dancing. Facebook status of a user is then updated using the

inferred activities such as “Joe is at work, in a conversation, standing”.
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Wu et al. [41] presents a mobile sensing platform named MobiSens which con-
sists of an Android smartphone application and a backend system. Using this system
various types of information can be collected from smartphones such as data from
sensors, GPS coordinates, nearby Bluetooth devices, calendar entries, charging state,
ringtone settings and running processes. The system performs activity recognition on
the client side and recognized activities are shown to the user. A user is able to cor-
rect erroneously recognized activities. Collected data are also uploaded to server and
stored on the server. Three different versions of MobiSens Android mobile application
are released to the Android Market. Effect of UI design changes which motivate the
users and the sensing performance of the application are investigated with the each
release of the application. 13,993 hours of data are collected from 310 users in over five
months. Through design changes which motivate the users, average number of activity

annotations supplied by a user increased from 0.6 to 6.

Lane et al. [42] presents an Android mobile application named BeWell which
tracks the user’s sleep pattern, physical activity and social interactions. The accelerom-
eter data are used to classify the user’s physical activity as driving, stationary, running
or walking. Phone charging events, times when the phone is stationary or in a silent
environment are used as features to determine when the user is sleeping. Social interac-
tions are determined using the microphone by looking for human voice in the captured
audio. The application calculates scores for each of the three dimensions and gives

feedback to the user in order to promote better health.

Montjoye et al. [43] uses the text and call logs of a mobile phone to predict
the personality of the user. The data from 69 participants’ Android smartphones are
used in the study. The data are collected using the Funf open sensing framework [39].
Psychology-informed metrics namely basic phone use, active user behavior, mobility,
regularity and diversity are introduced. 36 different indicators each belonging to one
of these metrics are used. For example, number of calls made is used as an indicator of
active user behavior. Number of places where calls are made from is used for mobility
metric. Number of interactions by number of contacts ratio is used for diversity metric.

Using these indicators they determine how extroverted, agreeable, conscientious, open
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to experience, and emotionally stable the user is. They achieve 42% accuracy using

Support Vector Machine (SVM) classifier in determining the personality of the user.

LiKamWa et al. [44] developed a smartphone service that can infer the mood of
the user based on the information available in the smartphone. They conducted a field
study with 25 iPhone users. LiveLab iPhone Logger [45] is used to collect application
usage, phone calls, emails, SMS messages, web browsing history, calendar entries and
location information from the smartphones of the users. User interfaces are designed
where the users can input their mood in happy-sad and aroused-sleepy dimensions.
Various histograms are produced from the collected smartphone usage data. These
histograms are then correlated with the ground truths obtained from the user mood
inputs. It is shown that the mood of a smartphone user can be inferred with 91%

accuracy.

Moturu et al. [46] investigated the associations between sleep, mood and social-
ibility. A study with 54 participants is conducted. FEach of the participants use an
Andorid smartphone with Funf smartphone sensing [39] framework installed. Sleep
duration and mood information are self reported by the participants in periodic sur-
veys. Funf framework is configured to scan nearby Bluetooth devices every five minutes.
Face-to-face social interactions are inferred from presence of nearby Bluetooth devices.
Significant bidirectional relationship between sleep and mood is found. People with
lower sociability reported poor mood. Higher sociability is observed when the night’s

sleep is between 7-8 hour range.

Wang et al. [47] developed an energy efficient mobile sensing system. Sensors are
opened and closed (duty cycles) by guessing user state and activity transitions. Speed
value obtained from GPS is used to infer the mode of travel. Wi-Fi is used to learn
frequently visited places and movement ranges in those places. When a user is detected
moving via accelerometer, a Wi-Fi scan is conducted to determine movement range.
If GPS signal is lost in a location, the location is determined as indoor. A user trial
is conducted where users recorded their current state using labels from transportation

mode (e.g., walking, running, in vehicle, etc.), location and background sound (e.g.,
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quiet, loud, speech etc.) categories. It is shown that battery life of a phone is inreased
over 75% while maintaining high accuracy in activity recognition compared to state of

the art activity recognition systems.

Do et al. [48] shows strong dependencies betwen phone usage and two contextual
variables namely places and social context. A client-server architecture is used to
collect data from the smartphones of 77 people for over nine months. The client side
is an application that runs on Nokia N95 phones. Various types of data are collected
from the phones including GPS, GSM, Wi-Fi, accelerometer and usage of apps. A
statistically significant correlation is shown between app usage and the users’ locations.
For example, while SMS is used mostly in indoor locations, people prefer to use voice
call in moving contexts such as in a metro station or while shopping. Clock application
is used mostly at home and a friend’s home. Significant correlations are also found
between social context and app usages. Number of devices found in the Bluetooth
scans is used as a measure of human density nearby and as an indicator of the social
context of the users. It is found that when the Bluetooth density is high, there is an
increase in SMS and voice call usage. It is also found that Clock application is used
mostly at times when the Bluetooth device density is low such as when the users are

at home.

Falaki et al. [49] investigates the smartphone usage traces of 33 Android users
and 222 Windows Mobile users. Smartphone usage of the participants are analyzed
in four dimensions namely user interactions, application use, network traffic and enery
drain. Significant diversity in smartphone usage among the participants is found. For
example, the number of interactions with the smartphone varies between 10 to 200.
The number of applications used varies between 10 to 90. The mean network traffic
per day varies between 1 to 1000 MB. Diurnal patterns are observed in each of these
dimensions. For example, messaging application is found to be popular during the day
than night. A personalized energy drain predictor is designed based on user specific
smartphone usage patterns. Results suggest that user experience design and energy

optimization mechanisms should adapt to user behavior instead of using generic models.
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Oliver [50] analyzes smartphone interaction traces of 17300 BlackBerry users.
Collected data are analyzed using similar dimensions that are used in [49]. It is found
that average daily interaction time of the users is 1.68 hours and 80% of the interac-
tions are less than 90 seconds in length. Diurnal patterns similar to [49] are found.
For example, a strong correlation between hour of day and user interaction is found.
Challenges of smartphone sensing are discussed. A malicious user may alter the locally
collected data on a smartphone which may affect the quality of a study. Third-party
applications such as battery optimization applications may interfere with the data

collection application of a smartphone sensing study.

Lu et al. [51] developed a continuous sensing engine named Jigsaw without sac-
rificing accuracy in activity recognition and increasing energy consumption. Jigsaw
uses a set of pipelines for accelerometer, microphone and GPS sensors. The system
adapts to the quality of the sensor data and the mobility of the smartphone user. For
example, GPS sampling rate is adapted to the user’s mobility pattern. Duty cycle of
microphone is adjusted to acoustic events recognized. The system is designed in an

extensible way that new sensors and pipelines can be added.
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3. SMARTPHONE SENSING

In this chapter, we first introduce a smartphone sensing system named Smart-
phone Tracker. We developed this system in order to conduct large scale data collection
studies using smartphones. Later, we present our insights from a five days long data
collection study which was conducted using the Smartphone Tracker system. In this

study, we collected various types of data from 22 people’s smartphones.

3.1. Smartphone Tracker System

In this section, we introduce Smartphone Tracker system which enables us to
conduct large-scale data collection studies using smartphones. The system consists of
three main components namely a dashboard, a server and an Android application. The

architecture of the system is given in Figure 3.1.

. Hardware Info
Dashboard Server . . . Android App Telephony
Device Configurations Battery
Collected Data Surveys Sent via Google Cloud — Screen on/off
MessagesJ Messaging Service l:l \?VPSF
ooo I-Fl
ggg Bluetooth
Tornado Accelerometer
Web Server Sms
PHP D Running Applications
; Device Confi uratlon ) Call Lo
D3.js Surveys 9 Linux Collected Data in Contacts
Messages Apache SQLite Databases Android 0S Audio Recording
MySQL Funf Framework ***

Figure 3.1. Smartphone Tracker system architecture.

The Android application uses the MIT Media Lab’s open source smartphone
sensing framework named Funf [39]. Funf collects various types of information from a
smartphone such as battery level, running applications and nearby bluetooth devices.
Collected data are periodically uploaded to the server. On the server side various web
technologies are utilized such as Tornado Web Server 2 to facilitate communication
with smartphones; LAMP (Linux, Apache, MySQL, PHP) stack for data storage and
the dashboard; and d3.js ® for visualizations on the dashboard. The dashboard allows

2http:/ /www.tornadoweb.org/
3http://d3js.org/
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to configure the data collection application installed on the smartphones and visualize
the collected data. We integrated a survey infrastructure to the system. Surveys are
created on the dashboard and sent to the smartphones via Google Cloud Messaging
service (GCM) 4 . We also implemented a messaging infrastructure utilizing GCM
service to send messages to the smartphones when we need to communicate with the
users of the smartphones. In the following sections, these components are described in

detail.

3.1.1. Funf Framework

We use opensource Funf framework as a part of our Android application [39]. This
framework allows to collect various types of information from an Android smartphone
such as running Android OS version, battery level, nearby Wi-Fi and bluetooth devices,
location from GPS, running applications, installed applications, browser searches, call
logs and data from sensors available on the device. In the framework’s terminology,
each of these signals are called as a probe. Various types of Funf sensing modalities
and probes under these modalities are illustrated in Figure 3.2. For each of these
probes period and duration of data collection, when applicable, can be specified in
a configuration file. For example, accelerometer data can be collected every minute
for ten seconds. Funf also offers probes that process collected raw data before storing
them. For example, activity probe infers the physical activity level of a smartphone
user by thresholding the variance of acceleration magnitude values as high, low or none.
The framework also allows to add new probes and replace the existing ones with new
implementations. This basically means it can be extended to collect any information
from a smartphone that Android OS allows to access. All of the collected data are
stored in SQLite databases. Sensitive data such as phone numbers used in calls and
text used in browser searches are one-way-hashed before storing them in the database.
Locally stored databases are periodically uploaded to a server with a specified URL
over HTTP protocol. Data collection parameters can be changed remotely. Funf
periodically controls a specified URL for an updated configuration. Data upload and

update control periods are also specified in the configuration file.

4http://developer.android.com/google/gcm/
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Figure 3.2. Funf framework data modalities and probes.

3.1.2. Android Application

We developed an Android application named Survey which constitutes the client
side of Smartphone Tracker system. This application is installed to smartphones that
we want to collect data from. We use Funf which is described in Section 3.1.1 as a
framework in our Android application. Using the application, we can also conduct
surveys. During the day, survey notifications which request a survey to be filled are
sent to smartphones. We can also communicate with the users of the smartphones by

sending messages using GCM. When audio recording is configured, Funf framework
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records audio periodically using the microphone of a smartphone. However, privacy
of the smartphone users are violated if the raw audio is directly transmitted to server
without their knowledge. Thus, we created user interfaces which allow a smartphone
user to review recorded audio files before they are uploaded to server. Using these
interfaces a user listens the recorded audio files and decides which ones to be used in

our studies. The details of these mechanisms are given in the following sections.

3.1.2.1. Survey Mechanism. Surveys are created on the dashboard. Survey related

information such as questions and choices are then sent to smartphones using GCM
service. Periodic survey notifications are scheduled on the Android application. When
a notification is received, a smartphone beeps and vibrates. Survey notifications are
shown on the notification area of a smartphone [Figure 3.3]. When the notification is
tapped Survey application is started.

1:271 s

Survey

New survey

Android debugging enabled

Touch to disable debugging

Figure 3.3. Screenshot of the notification area when a new notification is received.

There are 4 different question types in Survey application. These are multi-
ple choice multiple answer, multiple choice single answer, audio recording and rating.
Screenshots of 4 sample questions each belonging to one of the available question types

are given in Figure 3.4.
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Figure 3.4. Screenshots of 4 sample questions in Survey application: (a) multiple

choice multiple answer (b) multiple choice single answer (c) voice recording (d) rating.
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3.1.2.2. Messages Interface. We are able to send messages to smartphones from dash-

board using GCM service. Messages sent from dashboard can be seen in the messages
section of Survey application [Figure 3.5]. Similar to a new survey notification, a no-
tification is sent when a new message is received. When the user taps on the message
notification, Survey application is started and messages section is shown in the appli-
cation. We use the messaging infrastructure when we need to communicate with the
user of a smartphone. For example, Android does not allow an application to enable
GPS of a smartphone without the user’s approval. Using the messaging infrastructure,

we can send a message to a user that requests enabling the GPS service of the device.

MESSAGES STATUS

Can you enable GPS?

May 12, 2014 4:46:38 PM

Figure 3.5. Screenshot of messages interface in Survey application.

3.1.2.3. Privacy Preserving Audio Recording Mechanism. When the audio recording
probe is configured, Survey app records audio periodically in the background. Nor-
mally, Funf framework uploads the recorded audio files to server automatically. We
created audio related interfaces in Survey app in order to allow the user of a smartphone
to review recorded audio files before they are uploaded to server. These interfaces can

be seen in Figure 3.6. Audio recordings are listed under the audios section (Figure
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3.6a. When a play button is tapped, corresponding audio file starts to play (Figure
3.6b). When the audio playing is finished, user approval is requested for uploading the
audio file to the server (Figure 3.6¢). If the user says yes, the audio file is archived for
uploading it to the server in the next upload cycle. If the user says no, the audio file

is deleted immediately. This way we preserve the privacy of the users.

@ - ¢

Survey Survey

AUDIOS MESSAGES STATUS AUDIOS MESSAGES STATUS

1 Approval Request

Do you allow us to use this
audio recording (17:29) in our
research studies?

No Cancel

()

Figure 3.6. Screenshots of audio related interfaces in Survey Application: (a) audio

list (b) audio is playing (c) user approval is requested to upload audio to server.
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3.1.3. Dashboard

When Survey application is installed on a smartphone, it first generates a unique
ID for the smartphone. Together with the hardware information of the smartphone
this unique ID is sent to server. In the dashboard all of the smartphones which have
sent their unique ID are displayed under the list of devices section [Figure 3.7]. In this
section brand, model, unique ID, join time and last access time of each device can be
seen. In the detail screen of each device latest known state of the device is shown [Figure
3.8]. Each device has a configuration panel and data collection parameters can be set
per device basis [Figure 3.9]. Also a default configuration can be applied to all of the
devices connected to the system. Data collected from battery, location, screen state,
accelerometer and application usage probes are visualized on the dashboard [Figure
3.10 - 3.14]. Visualizations helps us to discover problems related to the smartphones
and get insights from the collected data. For battery level and screen state probes last
48 hours of data are visualized. A heatmap is generated for location history [Figure
3.11]. Latest known location of the device is also shown with a marker. Application
usage is visualized with a pie chart that displays total usage time distribution among
applications [Figure 3.14]. We use GCM service to send messages to smartphones. If
a smartphone is not connected to Internet when a message is sent to it, it receives
the message immediately the first time it connects to Internet. New surveys are also
created from the dashboard. Multiple choice multiple answer, multiple choice single
answer, rating or audio recording can be chosen as a question type while creating a

new question. We also send messages to smartphones from the dashboard.

3.1.4. Server

Tornado server is used to communicate with smartphones. Smartphones period-
ically send their SQLite databases to Tornado server over HT'TP protocol. Tornado
server extracts the data stored in SQLite files and imports them into MySQL database
after each HT'TP post request in order to make them available for visualization. SQLite

databases are also stored on the server side for offline analysis of the collected data.
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Figure 3.7. Smartphone Tracker user interface for reviewing connected devices.
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Figure 3.8. Smartphone Tracker user interface for device status review.
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Figure 3.9. Smartphone Tracker user interface for device configuration.
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Figure 3.10. Smartphone Tracker user interface for battery data visualization.
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Figure 3.11. Smartphone Tracker user interface for location data visualization.
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Figure 3.12. Smartphone Tracker user interface for screen on/off data visualization.
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Figure 3.13. Smartphone Tracker user interface for accelerometer data visualization.
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3.2. 5 Days 22 People Data Collection Study

In this section, we present our insights obtained from a data collection study
conducted using Smartphone Tracker system which is introduced in Section 3.1. In
this study, we collaborated with a researcher from the Department of Psychology at

University of Zurich.

3.2.1. Motivation

The ease of developing and distributing smartphone applications that can sense
their environment gives an unprecedented opportunity to researchers from various dis-
ciplines especially the ones from social sciences. A researcher from the Department of
Psychology at University of Zurich informed us that she want to conduct a study using
smartphones in order to get a comprehensive picture of the smartphone users’ daily
activities, social interactions and personal thoughts. According to the requirements of
this study, we improved Smartphone Tracker system in two ways. First, to be able
to capture personal thoughts of the users via experience sampling method (EMI) [52],
we created the survey mechanism as described in Section 3.1.2.1. Second, the collab-
orator wanted to have real-life narratives of the smartphone users. In order to satisfy
this requirement, we implemented the privacy preserving audio recording mechanism
which is described in Section 3.1.2.3. In the following sections we give the details of

the conducted study.

3.2.2. Study Design

We announced to the students of our university that we will conduct a data
collection study for five days using Android smartphones. Our collaborator from the
Department of Psychology wanted to have participants who are older than 50 years
old as well as below 50 years old in the study. Thus, we gave priority to the applicants
who will be able to join the study together with a smartphone user who is older than
50 years old. 22 participants joined the study. 10 of the 22 participants were between
50 and 63 years old. Rest of the them were between 21 and 33 years old. There were 11
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university students, two housewives, three retired, two self-employed, one academician,
one researcher, one teacher and one education inspector among the participants. Age,
occupation and smartphone model of each participant are given in Table 3.1. 10 of the
university students joined the study with a relative over 50 years old. In other words
each of the 10 participants over 50 years old is a relative of one of the participants
below 50 years old. All of the participants signed an informed consent form [Table

A.1]. Participants were paid 150 Turkish lira at the end of the five day study.

All of the participants installed the Android application of Smarpthone Tracker
system on their smartphones. We then configured all of the smartphones from the
dashboard to collect data from 19 different probes. Data collection intervals and dura-
tions for these probes are given in Table 3.2. For example, we collected ten seconds of
accelerometer data every five minutes and recorded one minute long audio every two
hours. We asked the participants to keep GPS and location services of their smart-

phones enabled all the time.

Our collaborator gave us two surveys for this study namely Thinking and Talking.
There are ten questions in the Thinking survey and nine questions in the Talking
survey. One minute audio is automatically recorded every two hours in the smartphones
of the participants between 10 am and 11 pm everyday. After an audio recording is
finished, a survey notification is sent to the user. This mechanism allows us to correlate
survey answers with the content of the audio recordings. The first question of a survey
was always “Where you talking just before the notification?” [Figure 3.15]. If a user
answers this question by tapping the “Yes” button, questions from the Talking survey
is asked in the remaining of the survey. If a user taps the “No” button, questions
from the Thinking survey is asked. Questions that are used in these surveys are given
in Appendix [Table A.2 and Table A.3]. Since all of the participants were speaking

Turkish language, we used Turkish translations of these questions in the study.

Results of the study are given in the next section.
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ID | Age | Occupation Smartphone Model Android Version
1 |21 Student (BS) Samsung GT-18150 4.0.4
2 |21 Student (BS) Samsung GT-19300 4.3
3 |21 Student (BS) HTC EndeavorU 4.3.1
4 |22 Student (BS) Samsung GT-N7100 4.3
5 |23 Student (BS) Samsung GT-19500 4.4.2
6 |23 Student (BS) Samsung GT-19300 4.3
7T 123 Student (MS) HTC Desire HD A9191 | 2.3.5
8 |23 Student (BS) TURKCELL MaxiPRO5 | 4.0.3
9 |24 Student (BS) HTC ChaCha A810e 2.3.5
10 | 26 Student (MS) Sony C1905 4.1.2
11 | 30 Researcher Samsung GT-19190 4.2.2
12 | 33 Student (PhD) Samsung GT-N7100 4.3
13 | 50 Retired Samsung GT-S5830i 2.3.6
14 | 52 Retired LG-E612 4.0.3
15 | 52 Housewife Samsung GT-18150 2.3.6
16 | 52 Self-employed Huawei P6-U06 4.2.2
17 |53 Teacher LG-P970 4.0.4
18 | 54 Housewife TURKCELL MaxiPRO5 | 4.0.3
19 | 56 Academician Samsung GT-N7100 4.3
20 | b7 Retired Samsung GT-18190 4.1.2
21 | 63 Self-employed Samsung GT-S5360 2.3.6
22 | 63 Education Inspector | Turkcell Maxi Plus 5 4.0.4
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Were you talking just
before the notification?

Yes No

Figure 3.15. Screenshot of the first question of a survey. The first question of the
surveys is always the same. The remaining questions are shown either from Talking

or Thinking surveys depending on the answer to the first question.

3.2.3. Results

3.2.3.1. Participant Information. Age, occupation and smartphone information of the

participants are given in Table 3.1. We obtained age and occupation information from
the participants before the study. Model and Android version of the smartphones are

automatically collected during the study.

3.2.3.2. Data Completeness. Even tough we informed the participants to keep their

smartphones working most of the time, there may have been times when our data
collection application may not have been running on the smartphone of a participant.
We can estimate how much of the time our application was running on a smartphone
from the completeness of the most frequently collected data. With ten seconds of
data for every five minutes, accelerometer is the most suitable probe to estimate total
running time of our application. We divide five days into 1440 time slots each five
minutes long. We assume that our application was working in a five minutes long

time slot if there is at least one accelerometer reading in that timespan. Figure 3.16
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Table 3.2. Data collected from the smartphones. Interval is the time between two

consecutive data requests for a probe. Data are collected at each interval for the

given duration. A dash (-) is shown when duration is not applicable for a probe.

ID | Probe Interval Duration
1 Accelerometer Sensor 5 m 10 s
2 Android Information 24 h -
3 Audio Recording 2h 1m
4 Battery Information 30 m -
) Bluetooth Scan 10 m 30 s
6 Browser Search History | 24 h -
7 Call Log 24 h -
8 Cell Tower 30 m -
9 Contacts 24 h -
10 | Hardware Information | 24 h -
11 | Installed Applications | 24 h -
12 | Light Sensor 10 m 5s
13 | Location 30 m -
14 | Proximity Sensor 10 m 5s
15 | Running Applications Pooling -
16 | Screen on/off events Event based -
17 | SMS History 24 h -
18 | Telephony 24 h -
19 | WiFi Scan 10 m -
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shows the running time estimation of Survey application for each of the participants’

smartphones for five days.

Survey application may not be running on the smartphone of a participant for
three reasons. First, the application may not be installed on a smartphone at all.
White regions in the beginning of the study can be explained with this possibility as
some of the participants joined the study late. Second possibility is that the application
may have a bug which causes it to crash. However, none of the participants reported
such a case. Third possibility is that the smartphone itself may not be working due to
an intentional shut down by the user or an empty battery. Some of the white regions
in the middle of the study correspond to times when the battery of a smartphone is
empty. For example, in Figure 3.17 we see that first participant’s smartphone’s battery
is empty just before the beginning of Day 4. This fact corresponds to a white region in
the first participant’s data completeness row at that timespan [Figure 3.16]. We can

also observe that 19th participant turns his/her phone off during nights for two days.

Normally in Figure 3.16 we either expect continuous black or continuous white
regions for hours. However, 2nd, 6th, 8th and 16th participants’ rows have regions that
frequently alter color between black and white in the figure. 2nd and 6th participants
have the same smartphone model namely Samsung GT-19300. These two participant
also reported various problems during the study. We suspect that these problems are
related their smartphone model instead of the Android version since there are other
smartphone models that runs Android version 4.3 without a problem in the study. If
we were able to collect data all the time in five days, we would expect 120 hours of data
from each of the smartphones. Right axis of Figure 3.16 shows the total running time
of our application for each of the smartphones in hours. From the 22nd participant we
were able to collect only 20 hours of data. 17th participant uninstalled our application
in the middle of the study. Despite all of the white regions that correspond to times
that we were unable to collect data from the smartphones, we were able to collect
on average 82 hours of data per person in five days. We were able to capture daily
smartphone usage patterns in various data modalities. These data modalities will be

investigated in the following sections.
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3.2.3.3. Battery. Battery levels of smartphones are recorded with 30 minutes inter-

vals. Android OS gives the battery level of a smartphone as a value between 0 and
100. 0 means the battery of the smartphone is empty. 100 means the battery of the
smartphone is full. In Figure 3.17, each row shows the battery levels of a smartphone
in the study for five days. The line on top of a row corresponds to full battery level
and the line on the bottom corresponds to empty battery level. For example, first

participants battery is empty just before the beginning of Day 4.

We informed participants before the study to charge their smartphones regularly
in order to prevent shutdowns due to empty battery. Average battery level of all the
smartphones for five days is 62. Average battery level of 15th participant’s smartphone
is 77. She never let her smartphone’s battery to drop below 25. We can observe the
most regular battery level pattern in 12th participant’s smartphone. His/her smart-
phone’s battery lasted almost one day after every charge during the five days. After the
study some of the participants reported that their smartphone batteries endured less
during the study compared to times before the study. We expect this as we collected
various types of data from the smartphones periodically. However, 4th, 10th, and 12th
participants mentioned they haven’t experienced any serious battery problems with

their relatively new smartphone models.

3.2.3.4. Android Information. Our data collection application supports devices hav-

ing Android version 2.3 or above. Android versions of the smartphones in the study
are shown in Table 3.1. The oldest Android version among the smartphones is 2.3
and the newest version is 4.4. Android Compatibility Definition Document (CDD)
contains the software and hardware requirements that an Android compatible device
should satisfy [12]. These requirements are updated with the release of a new Android
version. For example, devices compatible with Android 4.0 should be able to deliver
accelerometer data at 50 Hz or greater, whereas 120 Hz or greater is recommended
for devices that complies with Android 4.4. Android version information is useful for
debugging purposes when a problem is experienced with any of the smartphones during

a data collection study.
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Battery levels of the participants’ smartphones for five days.
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3.2.3.5. Hardware Information. Hardware information of a smartphone contains brand,

model, Bluetooth MAC address, and Wi-Fi MAC address of the smartphone. Blue-

tooth MAC address is useful to discover proximity between participants of a data
collection study. For example, we discovered that 15th participant’s smartphone found
6th participant’s smartphone’s Bluetooth MAC address in 140 Bluetooth scans con-
ducted during the study. We know that these participants are relatives who joined the
study together. Brand and model of the smartphones are useful to determine the par-
ticipants who have the same smartphone model. In this study, we have two Samsung
GT-8150, two Samsung GT-19300, three Samsung GT-N7100 and two TURKCELL
MaxiPROb5 smartphones.

3.2.3.6. Accelerometer. We requested accelerometer data during ten seconds for every

five minutes from each of the smartphones in five days. Figure 3.16 also shows the
times when accelerometer data are available from each of the smartphones since we use

the completeness of the accelerometer data to estimate the application running times.

Android OS allows applications to acquire sensor data from the built-in ac-
celerometer of a smartphone by using the Android Sensor API. There are four dif-
ferent sensor delay types to choose from in the Sensor API. These delay types and
corresponding delays are given in Table 3.3. Chosen delay type determines the rate at
which the accelerometer values will be sampled. The delay type is only a suggestion to
the Android OS [53]. Different smartphone models may have different sampling rates

due to different hardware and software on them.

Table 3.3. Android Sensor API delay types [53].

Sensor Data Delay Type | Delay in Microseconds
SENSOR_DELAY_NORMAL | 200,000
SENSOR_DELAY _UI 60,000

SENSOR_DELAY GAME 20,000

SENSOR_DELAY _FASTEST | 0
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SENSOR_DELAY _FASTEST delay type is used in our data collection application.
With this delay type we request accelerometer data at the maximum possible sampling
rate from each of the smartphones. Figure 3.18 shows the average accelerometer sam-
pling rates of 22 smartphones for five days. We observe that six of the smartphones

have an average accelerometer sampling rate below 50 Hz.

There are three Samsung GT-N700, two TURKCELL MaxiPRO5 and two Sam-
sung GT-19300 smartphones in the study. Figure 3.19 shows sampling rate histograms
for these smartphones. We would expect to see 1440 data requests in total in each
of the histograms if we could collect data from the smartphones for every five min-
utes in five days. However, due to the reasons mentioned in Section 3.2.3.2, our data
collection application could not collect accelerometer data all the time. We can see
that smartphones with the same model have similar sampling rate histograms. We
can also observe the problematic behavior of the smartphone model of the second and
sixth participants namely Samsung GT-19300. Normally we expect to see a peak at a
certain sampling rate in each of the histograms which would approximately correspond
to the maximum accelerometer sampling rate of the smartphone. For example, from
three Samsung GT-N7100 smartphones we get 100 Hz of accelerometer data as a result
of most of the data requests. Similary from two TURKCELL MaxiPROb5 smartphones
we get approximately 50 Hz of data most of the time. However, from two Samsung
GT-19300 smartphones we get data with a wide range of sampling rates without a

peak.

Even tough the smartphone model of the 8th and 18th participants namely
TURKCELL MaxiPRO5 samples accelerometer data with 50 Hz, it complies with
the requirements of Android. We can see from Table 3.1 that the Android version of
these smartphones is 4.0.3. Android Compatibility Definition Document for version
4.0.3 specifies that compatible devices should be able to deliver accelerometer data at

50 Hz or greater [12].
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TURKCELL MaxiPRO5, Samsung GT-19300 and Samsung GT-18150 smartphones in

the study.
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Accelerometer data can be used to infer the activity level of a smartphone user.
Variance of the accelerometer magnitude values can be used as an indicator of the
physical activity level [39]. Figure 3.20 shows the activity levels of a participant during
the study. Magnitude of one accelerometer reading is computed as in Equation 3.1.
The variance of the magnitude which corresponds to the activity level in each duty
cycle is calculated as in Equation 3.3 where m; is the ith magnitude, N is the number
of accelerometer readings in that duty cycle and m is the mean of the magnitudes
calculated as in Equation 3.2. a,, a, and a, are the acceleration values on x, y and
z axes respectively. In Funf framework’s activity probe, if the variance is above 10,
activity level is determined as high; if the variance is between 10 and 3, the level is
determined as low; if the variance is below 3, the level is determined as none. These

thresholds can roughly be observed in our raw accelerometer data analysis in Figure

3.20.
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Figure 3.20. Physical activity levels of a participant during the study. The bar on top
shows the times when the accelerometer data are available as black regions. In the
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3.2.3.7. Wi-Fi. A Wi-Fi scan is conducted every ten minutes by each of the smart-

phones. Figure 3.21 shows the times when there is at least one Wi-Fi access point
nearby the smartphones. Right axis of the Figure 3.21 shows the nearby AP presence
time over application running time ratio for each of the participants in the study. We
can observe the high availability of Wi-Fi infrastructure for most of the participants.
We know that, as it will be explained in the multimodal analysis of the study in Section
3.2.3.14, 15th and 18th participants who are housewives were at home most of the time
during the study. We observe in Figure 3.21 that at least one AP is found nearby of
these participants most of the time during the study. For 3rd, 9th and 13th participants
we observe that most of the time the application is running but no AP is found nearby.
3rd participant reported that s/he used Wi-Fi during the study. However, our data
collection application did not log any Wi-Fi scans for this participant. Thus, there was
a problem with Wi-Fi activity collection from the 3rd participant’s smartphone. We
were able to collect other types of data from the smartphone of this participant such

as accelerometer and call logs without experiencing a problem.

3.2.3.8. Bluetooth. A bluetooth scan is performed every ten minutes for 30 seconds

by each of the smartphones in the study. Figure 3.22 shows the times when there is at
least one bluetooth device nearby the smartphones. The number of devices found in a
bluetooth scan can be used as an indicator of the number of people in the place that the
smartphone is located at. Right axis of the Figure 3.22 shows the average number of
bluetooth devices found in a scan for each of the smartphones in the study. For the 19th
participant’s smartphone, even tough there is at least one bluetooth device nearby most
of the time, average number of bluetooth devices found in a scan is 1.6 which is relatively
low compared to other participants’ smartphones. The reason is that a bluetooth
device named “TVBluetooth” was found in most of the scans. This device is probably
a television with a bluetooth technology that the 19th participant owns. Similarly
for the 15th participant, a bluetooth device with a name “DTVBluetooth” and her
relative’s smartphone which is also one of the smartphones in the study were found
most of the time. On average 10.8 bluetooth devices were found by the smartphone of

the 11th participant which is the highest number in the study.
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3.2.3.9. Call Log. Call log of the participants are collected daily. Type (i.e., incoming,

outgoing and missed ), time, and duration of the calls and one way hashed values of
the phone numbers used in the calls are collected from the smartphones. Figure 3.23
shows the call log of the participants during the study. We can observe that the
participants made phone calls mostly between 6:00 and 24:00 on each day during the
study. Right axis of the Figure 3.23 shows the total number of call log events for each
of the participants. These events include incoming, outgoing and missed calls. We can
see that 181 call log events happened on the smartphone of the 22nd participant which
is the highest number in the study. Android OS gives the complete call log history of
a smartphone if the user did not explicitly delete it. Thus, we are able to observe the
call log pattern of the 22nd participant even tough our data collection application ran

only 20 hours on the smartphone of this participant in five days.

3.2.3.10. SMS Messaging History. SMS messaging history of the participants are col-
lected daily. Type (i.e., incoming, outgoing), time, and one-way-hashed values of the
phone numbers used in the SMS messages are collected from the smartphones. Figure
3.24 shows the SMS messaging history of the participants during the study. Right axis
of the figure shows the total number of SMS messages sent and received for each of the
participants. We observe less SMS events for participants over 50 years old compared
to the participants below 50 years old. The participants over 50 years old sent 35 mes-
sages and received 177 messages in total. The participants below 50 years old sent 420
messages and received 596 messages in total. We also see less SMS messaging events
compared to the call log events for the participants over 50 years old. We observe that
for the 15th participant there is no messaging event. This participant may be clearing
her SMS messaging history manually. 1st and 9th participants used SMS significantly
more than telephony whereas 3rd participant used telephony more. 22nd participant
who has the most phone call events during the study, never send an SMS message even
tough s/he received 19 messages. We can observe the high SMS and telephony usage
of the 19th participant compared to the other participants. We also observe more SMS

messaging events compared to call log events between 00:00 and 06:00 during the study.
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Figure 3.23. Call logs of the participants. Total number of call log events are shown for each participant on the right axis. The phone

calls are made mostly between 6:00 and 24:00 on each day during the study.
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Figure 3.24. SMS messaging history of the participants. Total number of SMS events are shown for each participant on the right axis.
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3.2.3.11. Audio Recording. One minute audio is recorded automatically every two

hours from the smartphones during the study. The participants were able to listen
the recorded audio files and choose which ones to upload to server using the interfaces
shown in Figure 3.6. Figure 3.25 shows the finish times of audio recordings. There was
a bug in our implementation of audio recording scheduling mechanism. Even tough we
configured smartphones to record audio every two hours, audio recordings were per-
formed more frequently. We recorded audio only between 10 am and 11 pm. However,
we observe five audio recordings before 10 am on the row of the 11th participant on
the first day of the study. Because the 11th participant’s smartphone had an earlier
version of our application in the beginning of the study which was allowed to record
audio at any time during 24 hours. After the first day of the study s/he also installed

the latest version of our application.

After an audio recording is finished, a survey notification is sent to the user.
Our purpose with this mechanism is to correlate survey answers with the content
of the audio recordings. Our collaborator from the Department of Psychology will
analyze the survey answers and listen the audio recordings to find correlations between
them. One of our findings is that the user of a smartphone may not respond to a
notification immediately. S/he may even delete the notification from the notification
area of the smartphone without responding it. Thus any mechanism that requires user
intervention should consider the notification time and the time when the user responded
the notification. One possible solution to make use of most of the user responses is to
remove a notification after a timeout period. For example if a user does not respond
to a notification in one minute, notification can be removed from the notification area
of the smartphone automatically. We make use of this type of prevention in our Auto
Diary application which is introduced in Chapter 5. In this application, we discover
locations important for the user of a smartphone using the Wi-Fi infrastructure. When
a new location is discovered, a notification is sent asking the user of the smartphone to
give a name to his/her current place. However, if the user leaves the location and later
responds to the notification in another location, his/her response would not be valuable
as the notification does not belong to his/her new location. Thus the notification is

removed from the notification area of the smartphone if the user leaves his/her current
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location before responding to the notification.

3.2.3.12. Survey. In Figure 3.25, survey submission times of participants are shown.

After a one minute audio recording is finished, a survey notification is sent to a user
immediately. Since we record audio only between 10 am and 11 pm, the participants
received survey notifications only at this time interval. Duration between a survey
notification and a survey submission is considered as delay. For each survey submission
most recent audio recording finish time is considered as the notification time. On the
right axis of Figure 3.25 mean delay in survey submission is shown for each participant.
The delay includes the time required to fill the surveys. We observe that both of
the housewives namely 18th and 15th participants responded to most of the survey
notifications and have a delay under ten minutes. We observe a delay of 44 minutes
in 21st participant’s submissions. S/he also submitted only seven surveys during the
study. The questions used in the surveys are given in Appendix [Table A.2 and Table
A.3]. The submitted survey answers will be analyzed by our collaborator from the
Department of Psychology at University of Zurich. We only use the answers of the
participants to the “Where are you” question as a ground truth of the partcipants’
locations in the multimodal analysis of the collected data in Section 3.2.3.14. As an
answer to this question participants were able to choose one of the six predefined
choices namely Home, Work, In a vehicle, Restaurant/Cafe/Bar, Supermarket and
Outdoor/Public Place. As a future work, we will improve the survey system to enable

the participants enter their custom location labels as an answer to this question.

3.2.3.13. Other Probes. The location of a smartphone can be inferred from the lo-

cation of the connected cell tower [34]. There are publicly available crowd-sourced
databases that map cell tower IDs to physical locations. Cell tower probe collects
the connected cell tower information which includes the cell tower IDs. In addition
to cell tower ID, network operator code and country code are required to query these
databases. Telephony probe collects this type of information such as mobile coun-
try code, mobile network operator code and one-way-hashed value of phone number.

One-way-hashed value of the phone number can be used to determine phone calls be-
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finish time is considered as the notification time. Mean delay in survey submission is shown for each participant on the right axis.
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tween the participants of a smartphone sensing study. One-way-hashed values of phone
numbers used in phone calls can be compared with each participants’ one-way-hashed
phone number to determine the parties involved in a phone call. The collected informa-
tion from Contacts probe includes the hashed values of the phone numbers, notes and
names used for each contact. Information obtained from Contacts probe can be used
to discover social networks among the participants in a smartphone sensing study by
looking at shared contacts of the participants. Browser probe collects the information
of when a search was performed and the one-way hashed values of the terms used in
the search. Only six of the participants used browser search at least one time during
our study. However, Android OS gives only the search history of its native browser
and the participants may be using third-party browsers. Running applications and
installed applications probes collect the information about the applications used by a
smartphone user. Light and proximity sensor probes together can be used to determine
the lightning of the environment the user is in. We can detect when there is an object
in front of the smartphone which blocks its light sensor’s view by using the proximity
sensor and discard values obtained from the light sensor at that times. Screen on/off
probe can be used to determine the smartphone interaction times of the participants

during a day.

3.2.3.14. Multimodal Analysis of the Study. In Figure 3.26, battery level, data avail-

ability, physical activity level, Wi-Fi activity and survey answers from the 12th partic-
ipant’s data are shown together. In order to be able to visualize the data clearly, we

use the timespan between Day 3 and Day 5 for the analysis.

Answers of the participant to the “Where are you?” survey question are shown
on the sub-figure with a “Survey Location” label on its y axis. As an answer to this
question, a participant was able to choose one of the six predefined location values seen
in the y axis of the figure. For example, the participant was at supermarket around

18:00 in Day 3.

The y axis of the BSSID ID figure assigns a unique ID to each of the BSSIDs
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Figure 3.26. Multimodal analysis of the 12th participant’s data. For example, the user reported his/her location via a survey that
s/he is at supermarket around 18:00 in Day 3. We also observe high physical activity around that time and new BSSIDs are

introduced as the user enters new places. The battery of the smartphone is empty for about three hours after 21:00 in Day 4.
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found in the Wi-Fi scans between Day 3 and Day 5. The black regions in this figure
shows the times when a BSSID is found in a Wi-Fi scan. For example, we see black
regions most of the time at the bottom of the figure which probably correspond to
times when the user is at home and the APs nearby of the user’s home are found
during Wi-Fi scans. We can verify this assumption using the surveys submitted by the
participant. The user submitted two surveys around 12:00 in Day 3 in both of which
s/he mentioned that s/he is at home. In the BSSID ID figure we observe that BSSIDs
with an ID between 0 and 40 are found in the Wi-Fi scans around the time when the
user submitted the surveys. Thus, we infer that these BSSIDs belong to APs that are

located nearby the user’s home.

The activity level figure is generated from the variance of the acceleration mag-
nitude values of the smartphone as it is described in Section 3.2.3.6. We observe high
activity around 18:00 in Day 3, between 15:00 - 18:00 in Day 4, and around 21:00 in
Day 4. We observe no activity most of the time, for example, the hours around 06:00

in both of the two days.

The battery figure shows the battery levels of the smartphone for two days. We
observe that the battery of the smartphone is full at the beginning of Day 4. It decreases
gradually after the beginning of Day 4 and finally it is empty for about three hours
after 21:00. When the battery of a smartphone is empty, the smartphone does not

work and naturally our application cannot perform data collection.

The data availability figure corresponds to the 12th participant’s row in Figure
3.21 where we show the Wi-Fi availability for all of the participants. The gray regions
show the times when the data collection application is running. Black regions show
when the application is running and at the same time when nearby APs are found
during periodic Wi-Fi scans. We observe that most the time there are APs nearby of
the participant in two days. We also observe that the application is not running and
naturally no APs are found when the battery of the smartphone is empty for about

three hours after 21:00 since it could not conduct Wi-Fi scans.
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There are fluctuations in the Wi-Fi availability between 01:00 - 11:00 in Day 3,
04:00 - 11:00 in Day 4 and 15:00 - 21:00 in Day 4. The first two timespans (i.e., 01:00
- 11:00 and 04:00 - 11:00) mostly correspond to night time. Android OS looks for
idle times and disables some of its services to reduce energy consumption. We suspect
that during night time this participant’s smartphone enters into sleep mode in which
it disables some of its services. Even tough our data collection application schedules
periodic system alarms to wake-up the CPU in order to perform its operations such
as conducting a Wi-Fi scan, Android OS does not guarantee that the alarms will be
delivered at exact times. For example, an alarm scheduled at the top of every hour may
be delayed for almost a full interval [54]. During the time between 15:00 - 21:00 in Day
4, we observe high activity in the activity level figure. In addition, the user submitted
four surveys in which s/he mentioned “street” as his/her location during this timespan.
Thus, the fluctuations between 15:00 - 21:00 may be due to the mobility of the user

and unavailability of Wi-Fi infrastructure around him/her on the street.

Finally, we observe a high correlation between location, BSSID ID and activity
level figures in terms of the mobility of the user. When there is a high activity, we also
observe a change in the BSSID ID figure. For example, around 18:00 in Day 3, activity
level of the participant is high. In addition, BSSIDs with an ID between 0 and 40 are
no longer found in the Wi-Fi scans. That means the user left his/her home. We also
have the ground truth obtained from the surveys that the user went to supermarket
around 18:00. Thus, we are able to capture the mobility of the user in three different
data modalities. We observe the same correlation between these modalities between
15:00 - 21:00 in Day 4. The user reported that s/he is on the street in four surveys
during that time. We also observe high activity and new BSSIDs are introduced as the

smartphone enters new areas together with the user.

In Figure 3.27, multimodal analysis of the fourth participant’s data is given. The
user reported his/her location via surveys that s/he is at work/school between 13:00 and
18:00 in Day 3 and between 11:00 and 14:00 in Day 4. We observe the high correlation
between the physical activity and the BSSID ID figures. For example, around 9:00 in
Day 4 there is high physical activity and we see an abrupt change in the BSSID figure.



o8

In Figure 3.28, multimodal analysis of the 15th participant’s data is given. One
interesting event in this participant’s data is that the user mentioned his location as
street around 15:00 in Day 4. However, we do not observe any change in BSSID ID and
physical activity sub-figures. One possibility for this situation is that the user may have
left home without taking his/her smartphone with him /her. Another possibility is that
the user mistakenly chose the street as an answer to the “Where are you question?”.
We may considering improving the survey system and the content of the questions to
clarify this type of situations. For example, we may add a new question that asks

whether a user was carrying the smartphone with him /her.

In Figure 3.29, multimodal analysis of the 18th participant’s data is given. Around
14:00 in Day 3 the user submitted two surveys. First, she mentioned that she is at
supermarket. In the second survey, she mentioned she is at home. We observe the
high physical activity and the change in the Wi-Fi data between these two survey
submissions. Around 18:00 in Day 3, we observe high physical activity and the user
mentioned her location as street. However, similar BSSID IDs are found around the
survey submission time. Even tough the user is highly active, she is stationary with
respect to Wi-Fi access points around her during this timespan. For example, around
12:00 in Day 4 we see high physical activity shortly and we also observe a change in
the existence of BSSID IDs nearby the user.

As a conclusion, we are able to capture the mobility of the users from accelerom-
eter and Wi-Fi data. Having the ground truths from survey submissions about the
users’ locations allows us to validate place changes of the users. In addition, we are
able to associate BSSID IDs with users’ locations such as home and office. However,
since a user can only select predefined values as an answer to the “Where are you?”
question in surveys, we are limited in accurately determining the user’s location from
the Wi-Fi data. For example, a user has to submit his/her location as supermarket,
even if she goes to different supermarkets. In Chapter 4, we propose a novel localiza-
tion algorithm which detects stable Wi-Fi environments around the user during a day
and requests a place name from the user in real time. We show that the algorithm is

able to detect place entrance and departure events accurately from Wi-Fi data.
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Figure 3.27. Multimodal analysis of the fourth participant’s data. For example, the user reported his/her location via surveys that
s/he is at work/school between 13:00 and 18:00 in Day 3 and between 11:00 and 14:00 in Day 4. Mobility of the user is captured in

surveys, physical activity and Wi-Fi data. For example, the user left home around 9:00 in Day 4 and we observe high physical activity.
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Figure 3.28. Multimodal analysis of the 15th participant’s data. In most of the surveys, user mentioned his/her location as home. We
see high physical activity between 9:00 and 12:00 in Day 4. We also observe that new BSSIDs are introduced during this timespan

but the user did not submit any surveys mentioning his/her location during this timespan.
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Figure 3.29. Multimodal analysis of the 18th participant’s data. This participant’s occupation is housewife. We observe that she is at
supermarket around 14:00 in Day 3 and around 11:00 in Day 4. We observe high physical activity around these times. Again, the user

submitted her location as street via a survey at 18:00 in Day 3 and we also observe high physical activity around that time.
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4. SEMANTIC LOCATION AWARENESS

In this chapter, we propose a novel algorithm to learn semantically meaningful
places of smartphone user. The algorithm periodically conducts Wi-Fi scans. When
it detects a stable radio environment, it sends a notification to the user that requests
giving a name to the current location. In this algorithm, we employ real time user
feedback to learn both the names of the places and the Wi-Fi fingerprints of the places

a user visits during a day.

4.1. Motivation

Places where a person goes and stays for a while can be considered as the sig-
nificant places of the person. For example, Home, Office, and Parent’s Home can be
the names of some of the significant places of a person. Various algorithms are pro-
posed in the literature to learn significant places of a person from the data gathered
by a mobile device s/he uses. These algorithms can be classified into two categories
namely geomery-based algorithms and fingerprint-based algorithms. Geometry-based
algorithms mostly take as an input the location history of a person obtained from the
GPS service of the mobile device. They cluster the location points which are latitude
and longitude pairs using various types of clustering algorithms and fit polygons to de-
termine the boundaries of the determined regions. The main problem of the clustering
algorithms is that they require parameters such as number of clusters or maximum size
of a cluster to process the given data. However, if there is no prior knowledge on the
number of significant places in one’s location history, it is not possible to supply these
parameters to an algorithm. These parameters are generally determined experimen-
tally and various heuristics are used. Fingerprint based algorithms take as input the
data from pervasive beacons such as Wi-Fi, Bluetooth and GSM Cell Tower signals
and unique identifiers associated with these beacons. For example, APs which provide
Wi-Fi service broadcast their MAC addresses. Each GSM cell tower has a unique cell
identifier associated with it. Then these algorithms generate fingerprints for the loca-

tions a person visits from the beacon data by looking at the existence of beacons in
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these locations. For example, when a previously known beacon is found in a location,

the person is determined as in the place previously associated with the beacon.

In Table 4.1, the characteristics of the algorithms proposed in the literature for
finding significant places of a mobile device user are summarized. These algorithms
differ in the input data they take in. Some of them are capable of learning indoor
places of a user. Some of them employ user feedback to learn the names of the found
significant places. Finaly, it is important for an algorithm to be able to work on-line
which means performing all the computations of the algorithm on a mobile device. In

Section 2.2, the details of these algorithms are given.

Table 4.1. Summary of the significant location finding algorithms in the literature.

User
Paper Input Data Indoor? Online?
Feedback?

Marmasse et al. [25] GPS X v v

Ashbrook et al. [26] GPS X X X

Ye et al. [32] GPS X X X

Laasonen et al. [34] GSM X X v
GPS, Wi-Fi,

Montolu et al. [27] Accelerometer, X X X

GSM, Bluetooth

Kang et al. [30] GPS, Wi-Fi X X v
Wi-Fi, GSM,

LaMarca et al. [33] X X v

Bluetooth
Hightower et al. [35] Wi-Fi, GSM v X X
Kim et al. [36] GPS, Wi-Fi v

GPS, Wi-Fi,

Kim et al. [37] v v v
Accelerometer

Our Algorithm Wi-Fi v v v
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None of the algorithms except our proposed algorithm given in Table 4.1 employ
user feedback during learning process. However, some of them use the feedback after
the execution of their algorithm to evaluate their algorithm’s accuracy in determining
the significant places of a user. However, in order to learn the semantically meaningful
places of a mobile device user, user feedback is required. For example, a coffee shop
may be a work place for a person. The same place can be a part of a morning routine
for another person where s/he buys a cup of coffee. Furthermore, meaning of place
may change for a person over time. For example, a person who works in the coffee shop
may quit his/her job and start to buy coffee from the same shop regularly. In order
to capture the meaning of a place for a person, an algorithm needs to incorporate the

user feedback into its learning mechanisms.

In order to give semantic location awareness to Auto Diary mobile application
which is introduced in Chapter 5, we developed an algorithm which employs real time
user feedback to learn visited locations of a smartphone user. In this chapter, we give

the details of this algorithm.

4.2. Methodology

In our algorithm we periodically perform Wi-Fi scans to determine nearby AP
MAC addresses namely BSSIDs. We look for BSSIDs that are consistently found in
consecutive Wi-Fi scans. We put these BSSIDs in a set named active BSSID set. If a
BSSID in the active set is not found in the latest Wi-Fi scan it is removed from the
active set. If any one of the BSSIDs in the active set is found in consecutive Wi-Fi
scans for a significant time, we conclude that the smartphone is in a stationary state
with respect to the location of at least one of the APs whose BSSID is in the active
set. We say that a location is important for a person if s/he stays in a location more
than a certain amount of time. For example, if we conduct Wi-Fi scans with two
minutes intervals and set the scan count threshold, which is the minimum number of
Wi-Fi scans to detect a stay event, as five, the places where the user stays at least ten
minutes will be detected as important places. When a staying event is recognized, a

name for the current location is requested from the user to remember the location in
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the future. A new place is created when the user supplies a name for his/her location.
All of the BSSIDs in the active set are then associated with the newly created place. As
a result of subsequent Wi-Fi scans, we determine the current place of the smartphone
as follows. We determine the places which have previously been associated with at
least one of the BSSIDs found in the latest Wi-Fi scan. If there is only one place that
is associated with at least one of the BSSIDs in the latest Wi-Fi scan, we determine
the location of the smartphone as this place. If there are more than one place, we
determine the place which have the most similar Wi-Fi fingerprint to the latest Wi-Fi
scan’s fingerprint. The place with the most similar fingerprint is chosen as the current

place of the user.

Definitions of the terms used in the explanation of the algorithm are as follows.
BSSID is the MAC address of a wireless access point which uniquely identifies it. Active
BSSID Set is a set of BSSIDs which always contains the BSSIDs found in the latest
Wi-Fi scan. We also keep a scan counter for each of the BSSIDs in this set. Place
BSSID Set is a set of BSSIDs associated with a place. scanCountThreshold is the
minimum number of scans required to determine that the smartphone is staying in a
place. User Approved BSSID is a BSSID in Place BSSID Set which had a scan count
greater than scanCountThreshold at the time of place creation. We rely on this type
of BSSIDs to determine the current place of a user. Persistent BSSID is a BSSID that
is in the active BSSID set and has a scan count greater than scanCountThreshold.
We say that a smartphone is in a stationary state if any one of the BSSIDs in its active
BSSID set has a scan count greater than scanCountT hreshold. Active Place is a place
where the smartphone is currently staying at. Probable Place is a place which has at

least one of the BSSIDs in the Active BSSID Set in its Place BSSID Set.

Flowchart of the proposed algorithm is given in Figure 4.1. Sub-procedures used
in the flowchart are described in detail in the following sections. Sample execution of

the algorithm under various scenarios are also investigated.
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Figure 4.1. Flowchart of the proposed Wi-Fi localization algorithm.
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4.3. Algorithm for Updating Active BSSID Set

Pseudo code of the algorithm which updates the active BSSID set is given in
Figure 4.2. The active BSSID set contains only the BSSIDs that are found in the
latest Wi-Fi scan. For each of the BSSIDs in the active set a scan counter counts the
number of times a BSSID was seen in consecutive Wi-Fi scans. If a BSSID in the
active set is not found in the latest Wi-Fi scan it is removed from the active set (line
3). If it is found in the scan its scan counter is incremented by one (line 11). If a new
BSSID that is not already in the active set is found, it is added to the set and its scan
counter is initialized to one (line 13). If the active set becomes empty after removing
the BSSIDs that are not found in the latest Wi-Fi scan, we update the stationary state

start time as current time (line 7).

Input: wifiScanResult BssidSet, active BssidScanCountDictionary,
stationaryStateStartTime
1: for all bssid € active BssidScanCountDictionary.keys() do
2. if bssid ¢ wifiScanResult BssidSet then

3: active BssidScanCountDictionary.remove(bssid)
4:  end if
5: end for

6: if activeBssidScanCountDictionary.size() = 0 then
7. stationaryStateStartTime <— currentTime()

8: end if

9: for all bssid € wifiScanResult BssidSet do

10:  if bssid € active BssidScanCountDictionary.keys() then

11: activeBssidScanCountDictionary[bssid]+ = 1
12:  else

13: active BssidScanCountDictionarylbssid] = 1
14:  end if

15: end for

Figure 4.2. Algorithm which updates an active BSSID set after a Wi-Fi scan.
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A sample execution of the algorithm which updates the active BSSID set is given
in Table 4.2. Let A, B, C' and D be four different BSSIDs. As a result of the first
Wi-Fi scan at t1, A, B and C are found. They are added to the active BSSID set and
their scan counter is initialized to one. At ¢y, C' is not found in the Wi-Fi scan so it is
removed from the active BSSID set. Scan counters of other BSSIDs are incremented
by one. At t, we see that A has a scan count of n which means it was found in all of
the Wi-Fi scans until ¢,,. At ¢,.,2, A is not found in the scan and it is removed from the
active BSSID set. At t,,2 a new BSSID named D is found. Between t,,5 and tg, 1,
D is found in all of the Wi-Fi scans.

In the next section, the algorithm which determines whether a smartphone is in

a stationary state by looking at the BSSID scan counts is given.

Table 4.2. Sample execution of active BSSID set update algorithm. Scan count of a
BSSID is incremented if it is found in the latest Wi-Fi scan. If it is not found, it is

removed from the active BSSID set. Value of scanCountT hreshold is n.

Time | Stationary State | Wi-Fi Scan | Active Is in Sta-
Start Time Result BSSID:ScanCount | tionary
BSSID Set | Dictionary State?
th t {A,B,C} {A:1,B:1,C:1} |no
to t {A, B} {A:2,B:2} 1no
ts 121 {A,C} {A:3,C:1} 1no
tn th {A,B,C} {A:n,B:m,C:k} | yes
thi1 | L {A, B} {A:n+1,B:m+ 1} yes
tnio | toto {D,C} {D:1,C:1} 1no
tnis | toao {D} {D:2} no
no
tons1 | tnyo {D} {D:n,C:j} yes
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4.4. Determining the Stationary State and New Place Creation

We say that a smartphone is in stationary state if any one of the BSSIDs in
its active BSSID set has a scan count greater than or equal to the minimum scan
count required for recognizing a staying event namely scanCountThresholdForStay.
The algorithm that determines whether a smartphone is in a stationary state is given

in Figure 4.3. In Table 4.2, the smartphone is in stationary state at ¢, t,.1 and t9,11.

Input: activeBssidScanCountDictionary, scanCountT hreshold
Output: true or false {Is in stationary state?}
1: for all scanCount € activeBssidScanCountDictionary.values() do

2: if scanCount > scanCountT hreshold then

3: return true
4:  end if
5. end for

6: return false

Figure 4.3. Algorithm which determines whether a smartphone is in stationary state

after a Wi-Fi scan.

When a smartphone is determined as in stationary state, a notification is sent to
the user of the smartphone requesting a place name. Figure 4.4 shows a sample noti-
fication and the user interface that is used for naming a place. When the notification
in Figure 4.4a is tapped, the screen in Figure 4.4b is shown to the user. After a name
is supplied by the user using this screen, a new Wi-Fi scan is conducted immediately.
If the smartphone is still in a stationary state after the latest Wi-Fi scan, all of the
BSSIDs found in the latest Wi-Fi scan are associated with the given name and a new
place is created. If the smartphone is not in a stationary state after the latest Wi-Fi

scan, the given name is not used and a new place is not created.
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Figure 4.4. The user interfaces used for naming places: (a) a sample notification

requesting a place name (b) The user interface that is used for naming a place.

4.5. Learning the BSSID Set of a Place

In Figure 4.5, a hypothetical AP toplogy is shown for an office building. Let A,
B, C', D and E be five APs in this environment. The circles around the APs show
the signal range of them. The scenario described in Table 4.2 can be valid for this
topology. Consider a smartphone staying inside the signal range of A on the second
floor of the building. Since the smartphone is in the range of A, it is expected that A
will be found in consecutive Wi-Fi scans consistently given that the smartphone stays
in the range. However, B and C may not be found in some of the periodic Wi-Fi
scans due to their weak signals as they are located on different floors. When the scan
count of A reaches scanCountThreshold, a notification will be sent to the user of the
smartphone asking for a place name for this location. The user will supply a name
such as “Office” using the screen shown in 4.4b. After a name is given by the user, a
new Wi-Fi scan is conducted. If the smartphone is still in a stationary state, a new
place is created with the given name. All of the BSSIDs that are found in the latest
Wi-Fi scan are added to the BSSID set of the newly created place. We say that, at

the time of place creation, BSSIDs that have a scan count greater than or equal to
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scanCountThreshold are the user approved BSSIDs of a place. That means A will be
the only user approved BSSID of the newly created place in this scenario given that it
is the only BSSID consistently found in consecutive Wi-Fi scans. B and C' may also be
found in the Wi-Fi scan conducted just before the place creation. Suppose that C' is
also found in the Wi-Fi scan conducted just before the place creation. It is also added
to the BSSID set of the newly created place which is named as “Office” by the user.
However, it is not tagged as a user approved BSSID. Adding C' to the place’s BSSID
set allows us to merge “Office” with other places where the signal of C reaches inside

the building. This mechanism will be explained next.

Figure 4.5. A hypothetical AP topology for an office environment. APs that have a
user approved BSSID are shown with a solid circle around them. Other BSSIDs are

shown with a dashed circle around them.

Now consider that the user moved to the first floor of the building and is now
located inside the signal range of D. Suppose that as a result of the periodic Wi-Fi
scans only D and C' are found in this new place. When the smartphone reaches to the
stationary state, a new notification will be sent to the user asking for a place name.
However, this time C', which is already in one of the previously created place’s BSSID
set, is found in the latest Wi-Fi scan. In the place naming screen which is shown

in Figure 4.4b, “Office” will be shown under the “Or Choose One:” section. This
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implementation allows to merge indoor places which share at least one BSSID. In this
scenario, C' is the only shared BSSID between the two places. If the user taps on a
name of one of the previously created places in Figure 4.4b, all of the BSSIDs found
in the latest Wi-Fi scan are added to the BSSID set of the tapped place. If the user
chooses to give a new name to the place instead of merging it with a previously created
place, a new place is created with the BSSIDs found in the scan as it was described

before.

As a final case, the user can now move to a location inside the signal range of E.
Since there is no AP nearby that is shared with a previously created place, the user
has to give a new name to this location. In the place naming screen shown in Figure
4.4b, no place name will be shown for merging when a place name is requested for this

location.

4.6. Detecting Entrance and Departure Events

After each Wi-Fi scan we determine the current place of the smartphone. We
first determine the BSSIDs in the active BSSID set which have a scan count greater
than scanCountThreshold. We call these BSSIDs as persistent BSSIDs. For example,
if the value of scanCountThreshold is five, a BSSID should be found in five consecutive
Wi-Fi scans in order we to consider it as a persistent BSSID. Persistent BSSIDs are
the ones that we rely on in determining the current place of the user. BSSIDs with
a scan count less than scanCountThreshold may be temporarily in the active BSSID
set. After determining the persistent BSSIDs, we determine the places which were
previously associated at the time of place creation with at least one of the persistent
BSSIDs as one of their user approved BSSIDs. One of these places will be determined
as the current place of the user. If there is no place associated with at least one of the
persistent BSSIDs, a notification is sent to the user requesting a name for the current
location in order to create a new place. If there is only one place, then this place
is determined as the current place of the user. If there are more than one candidate
places for the current location of the user, we determine the place which have the

most similar Wi-Fi fingerprint to the current location’s Wi-Fi fingerprint. A Wi-Fi
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fingerprint is a bit string in which each bit denotes the existence of a BSSID in the
fingerprint of the place. In Table 4.3, three sample Wi-Fi fingerprints are given. For
example, BSSID,, BSSID, and BSSIDs exist in the Wi-Fi scan result’s fingerprint
whereas only BSSIDj3 exists in the fingerprint of Place B. We use Tanimoto similarity
to measure the similarity of each candidate places” Wi-Fi fingerprint to the Wi-Fi
scan result’s Wi-Fi fingerprint [55]. The definition of Tanimoto similarity is given in
Equation 4.1. In this equation, X and Y are bit strings and X; denotes the value of ith
bit. A, V are bitwise and, or operators respectively. The place which has the fingerprint
most similar to the Wi-Fi scan result’s fingerprint is determined as the current place of
the user. For example, in Table 4.3, Place A will be determined as the current place of
the user with a similarity score of 0.5. Place B’s similarity score is determined as 0.33.
Since the similarity of score of Place A’s fingerprint is higher, Place A is determined as
the current place of the current place of the smartphone. Most of the time, similarity
calculations are not needed if the user chooses to merge nearby places. For example,
in Figure 4.5, a user may merge all of the places inside the building and give a single

name to whole building given that signals of APs cover the entire building.

Table 4.3. Wi-Fi fingerprint generation. A 1 denotes the existence and 0 denotes the
absence of the corresponding BSSID in the fingerprint of a place. For example, only

BSSID; exits in the Wi-Fi fingerprint of Place B.

BSSID; | BSSID, | BSSID3 | BSSID,4
Wi-Fi scan result | 1 1 1 0
Place A 1 1 0 1
Place B 0 0 1 0

(4.1)
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Departure events can occur in two ways. First, if as a result of a Wi-Fi scan there
is no probable place that has one of the BSSIDs found in the scan in its BSSID set then
a departure from the current active place is logged. Second, if the current active place
is different from the most probable place determined as a result of the latest Wi-Fi

scan, a departure from the current active place is logged.

4.7. Sample Executions of the Algorithm

Sample execution of the algorithm for over 21 hours is illustrated in Figure 4.6.
The period of the Wi-Fi scans is set as two minutes. scanCountT hreshold is set as
three. That means if the smartphone spends at least six minutes in a location, the
smartphone enters into stationary state. A unique ID is given to each BSSID found
in the Wi-Fi scans during this period. Left axis of the figure shows the unique IDs of
the BSSIDs. A black region on the row of a BSSID at a given time implies that the
BSSID is found in the scan performed at that time. Dashed lines show the times when
a place change is recognized by the algorithm. Figure 4.7 shows the zoomed view of the
beginning hours of Figure 4.6. In this figure, we also show the descriptions of the events
recognized by the algorithm. For example, we observe that user left Office at 21:52 and
entered Home at 22:30. Figure 4.8 shows the zoomed view of the last hours of Figure
4.6. For example, we observe that the user left Home at 09:14 and entered Office
at 09:20. Office, Home and ETA Table Tennis are colloquial names the user chose
to name his/her places during place creation. The algorithm is able to capture the
place changes without a delay thanks to stationaryStateStartTime updated in line
7 of Figure 4.2. The algorithm uses the stationaryStateStartTime as the entrance
time when it is sure that it is in stationary state after three consecutive Wi-Fi scans.
If stationaryStateStartTime were not used, the algorithm would experience a six

minutes delay in logging an entrance event in this execution.

In Figure 4.9, sample execution of the algorithm for a different user is shown.
The period of the Wi-Fi scans is set as two minutes. Dashed lines show the times
when a place change is recognized by the algorithm. For example, the user entered

supermarket at 14:32 and left supermarket at 14:36.
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Figure 4.6. Sample execution of the algorithm for over 21 hours. A unique ID is given to each BSSID found in the Wi-Fi scans during
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the scan performed at that time. Dashed lines show the times when a place change is recognized by the algorithm.



50f

Te}

300
250r
200
100¢

—
dai aissdg

|
.............................................. 0€:2Z - SWOH paJajul
_
I
_ I
I
I _; __
_
(I I
_
l_ j (I
__ ||
......................................... 1-W- - - qzsitz - 9210 ¥
_ [
_ ___
"l
I 7
_ I
_
| ‘
|
_
I
_
_ I
| _
_ _
I I
__ __
......................................... - - {{ og:0z - @210 passu3
.......................................... -I - - 4 8z:02 - @10 W1
I
_
_
= 0,60:02 - 92140 pa.1a3u3

Figure 4.7. Zoomed view of the first hours of Figure 4.6. Place entrance and departure events are shown with dashed lines. For

example, the user left Office at 21:52 and entered Home at 22:30.
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Figure 4.8. Zoomed view of the last hours of Figure 4.6. Place entrance and departure events are shown with dashed lines. For
example, the user entered a place with a colloquial name “ETA Table Tennis” at 16:02.
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5. AUTO DIARY

In this chapter, we present a mobile lifelogging application named Auto Diary.
This application is targeted for mobile devices running Android OS. In the first section,
motivation of the application is given. In the following sections, implementation details

of the application are given.

5.1. Motivation

Our digital fingerprints are scattered among many mobile applications. For ex-
ample, we make phone calls and a call log application keeps the history of the calls
we have made. We use SMS and an SMS application keeps the messaging history.
A weather application displays today’s weather. Furthermore, location-based services
(LBS) track the location of a smartphone in order to offer location aware services such
as recommending nearby social events [56]. However, there is no mechanism that al-
lows a smartphone user to efficiently use his/her digital fingerprints as cues to retrieve
his/her past experiences. For example, imagine a smartphone user who tries to find a
specific SMS message inside an SMS application. She remembers that it was a snowy
day and she received the message on a Sunday morning at home. She also remembers
that she received a phone call from her mother on the same day. If there are too
many messages in her inbox, she is hopeless in this scenario and should take a look
at all of the SMS messages in the inbox to find the right one. However, if she were
able to specify the cues that she remember from the day she received the message to
a context-aware messaging application, she would be able to efficiently retrieve the
content of the message in a short time period. This is just an example scenario. All
of the services of a smartphone, not just the SMS messaging application, can benefit
from context-awareness and offer appropriate retrieval functionality. In the remaining
of this chapter, we present a context-aware mobile lifelogging application named Auto
Diary. This application records call logs, SMS messages, weather conditions, visited
locations and ambient audio periodically. Visited locations are logged using the algo-

rithm introduced in Chapter 4. All of the captured experiences are displayed in a daily
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timeline to the user of a smartphone. In addition, a retrieval functionality is offered

which allows to specify cues to find a day with a matching description.

5.2. Data Collection

Auto Diary automatically records visited locations, weather conditions, SMS mes-
sages, call logs and ambient audio. All of the data are stored in an SQLite database
except the audio recordings. The name of audio files are stored in the SQLite database
and the raw audio files are stored in the file system of the Android OS. All of the
captured data are shown in a daily timeline to the user. Figure 5.1 shows a sample
timeline from the application. At 08:23, the user left Home and entered Office Room
47 at 08:35. Ten seconds long audio is recorded at 09:00. A user is able to listen
the recorded audio files as it is shown in Figure 5.1b. A weather report for 09:11 is
received from an online weather service. At 10:34, an SMS message with “call me”
as its content is received from one of the contacts of the user named Alper. The user

called the sender of the message three minutes later at 10:37 and talked for 64 seconds.

N=all B 13:41 N=al @ 13:42
Auto Diary Q ¥ Auto Diary Q ¥
Tuesday, Jul 1 2014 Tuesday, Jul 1 2014
10:37 Alper 10:37 Alper
‘: Duration: 64 seconds ‘: Duration: 64 seconds
10:34 Alper 10:34 Alper
=4 call me =4 call me
09:11  Partly Cloudy 09:11  Partly Cloudy
“ Temperature: 24 °C “ Temperature: 24 °C
09:00 Audio recording 09:00
@ Duration: 10 seconds @ G  —
08:35 Entered Office Room 47 08:35 Entered Office Room 47
08:23 |eft Home 08:23 Left Home
(a) (b)

Figure 5.1. A sample timeline from Auto Diary: (a) timeline (b) audio is playing.

In the remaining of this section, details of the data collection are given for each

of the data modalities that are shown on the timeline.
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5.2.1. Visited Locations

We use the algorithm introduced in Chapter 4 to learn the semantically mean-
ingful places of a smartphone user and then track visits to these places. A summary
of this algorithm is as follows. The algorithm periodically conducts Wi-Fi scans. If an
AP is found in consecutive Wi-Fi scans for a significant amount of time that means the
user is in a stable radio environment. When a stable radio environment is found, the
user of a smartphone is notified to give a name to his/her current location (Figure 4.4).
When a name is supplied by the user, all of the APs found nearby are associated with
the given name and a new place is created. Later, when a new Wi-Fi scan is conducted,
the algorithm compares the live Wi-Fi fingerprint in the location with the fingerprints
of previously created places. The place with the most similar fingerprint is logged as
the current place of the user. In Figure 5.2, place management related user interfaces of
Auto Diary application are shown. In Figure 5.2a, all of the previously created places
are shown. Last visit times are shown under each of these places. Departure time is
used as the last visit time to a place. For the place that the user is currently located
at, a green dot and “You are currently here” message are displayed under the place
name. A user can change the name of a place at any time using the interface shown in

Figure 5.2b.

5.2.2. Weather Conditions

Weather conditions of the area that the user is currently located at are retrieved
from an online weather service. We use the weather service provided by World Weather
Online ® [57]. The service allows to specify the latitude and longitude coordinate
values of the area that the weather conditions will be reported. We obtain the last
known location of a smartphone in terms of latitude and longitude coordinates from
the location API of Android OS. We supply this location to the weather service to
get the weather conditions for the current location of the smartphone. There are 48
different weather condition types that may be reported by the service. “Clear/Sunny”,
“Partly Cloudy”, “Heavy snow”, “Heavy rain”, “Fog” and “Heavy freezing drizzle” are

examples of weather condition types that the service may report. Full list of the weather
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N= g # 11:06 N=ul & 11:07

Office Room 47

Place Name

Home
Last visited: 4 hours ago Office Room 41 |

Office Room 47
@ You are currently here S35

Office Room 46

Last visited: 12 minutes ago

Cafeteria
Last visited: 1 hour ago

1 2 B 4 5 6 7 8 9 0
qwer tyuiop
Parents' Home

Last visited: 3 months ago asd f g h ] k |
Coffee Shop

Last visited: 2 days ago + zxcvbnmaea
Library 7123 & & — . | Done

Last visited: 1 day ago

(a) (b)

Figure 5.2. Place management related user interfaces in Auto Diary application: (a)

previously created places (b) renaming a place.

conditions can be found in [58]. Internet connection is required to get the weather
conditions from the web service. We periodically request weather conditions from the
service. The response of the service contains weather condition type, temperature and
the time that the weather conditions are observed by the weather service. Response

data are stored in the SQLite database.

5.2.3. SMS and Call Logs

Android OS gives the SMS messages and call logs of a smartphone user when
requested through related APIs. We request the call logs and sms messages of a
smartphone user at each time the user opens Auto Diary application. The API also
allows to specify the beginning time of the logs. We store the current time when we
make a request and specify the stored time as the beginning time of the logs for the
subsequent request. This way we shorten the time required to fetch the logs. For an
SMS message, we store the name and phone number of the contact the message is

sent to or received from, date of the message, content of the message, and type of the
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message (i.e., incoming or outgoing) in the SQLite database. For call logs, we store
the name and phone number of the contact involved in a call, date and duration of the

call, and type of the call (i.e., incoming, outgoing or missed).

5.2.4. Audio Recording

Audio is recorded periodically. The raw audio files are stored in the file system of
Android OS. We use the timestamp of an audio recording as the file name of the raw
audio. The name of the audio files are stored in the SQLite database. Currently, we
record audio in duty cycles. For example, we record ten seconds of audio with one hour
intervals. We envision that in the near future, through advances in sensor and battery

technologies, full day continuous audio recording will be feasible using smartphones.

5.3. Experience Retrieval

We implemented an experience retrieval mechanism in Auto Diary that will allow
a user to retrieve his/her experiences using associative cues. In Figure 5.3, experience
retrieval user interfaces are shown. A user is able to specify cues from each of the
modalities shown in Figure 5.3a to retrieve his/her past experiences. Location name
and weather condition type can be specified as cues. In addition name of the day and
timespan of the remembered experiences can be specified. For SMS and call events, a
contact name can be specified. For example, in this case the user specified the cues
from the sentence “It was a rainy Monday morning. I was at home”. In Figure 5.3b,
all of the weather conditions that the user can specify are shown in a list. The content
of each select list in the search screen is generated from the previous experiences of
the user. Thus, the user has experienced each of the shown weather conditions at least
one time before. When the user taps the search button on the search screen shown in
Figure 5.3a, all of the days that matches with the query are retrieved. In Figure 5.4,
two days are shown that matches with the query and the timelines of these days are
shown to the user as a result of the search. The user is able to listen the audio files

recorded on these days.
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= ull B 14:04
Search

Cloudy
Location: l Home v

Light rain
Weather: | Heavy rain >

Heavy rain
Call: I G

Light freezing rain
SMS: | A

Heavy snow
Day: | Monday v

Light rain shower

Time hetween: | 8:00 |and 12:00

Patchy light rain in area with thur O

‘ Search |

(a) (b)

Figure 5.3. Experience retrieval mechanism user interfaces: (a) select lists for
specifying cues in different modalities (b) one of the weather condition types that the

user has experienced before can be chosen as a weather cue.

=l @ 14:35 =l @ 14:02

Search Result Search Result

Monday, Mar 3 2014 Monday, Mar 17 2014
s Alper 113U UKan
‘: Duration: 11 seconds \: Duration: 32 seconds
10:00  Audio recording 10:14  Heavy rain
@ Duration: 10 seconds &8 Temperature: 14 °C
09:00 Audio recording

09:47 Entered Coffee Shop

Duration: 10 seconds

09:12  Left Home Entered Office Room 47

i ©®

o
&
=
v ]

09:05 Heavy rain Left Home

&8 Temperature: 16 °C

.....

&

o
&
=
=]

Audio recording
Duration: 10 seconds

09:00 Audio recording

® Duration: 10 seconds

(a) (b)
Figure 5.4. Result of the search given in Figure 5.3a: (a) first day that matches with

®

the specified cues (b) second day that matches with the specified cues.
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6. CONCLUSION

In this thesis, we first introduced a system named Smartphone Tracker which
allows us to conduct large-scale data collection studies using Android smartphones.
As a part of this system, we introduced a survey mechanism, a messaging infrastruc-
ture and a privacy preserving audio recording mechanism in which a user is able to
review automatically recorded audio files before they are uploaded to server. Using
this system, we conducted a five days long data collection study with 22 participants
in collaboration with a researcher from the Department of Psychology at University
of Zurich. Our collaborator designed surveys to get a comprehensive picture of the
participants’ daily activities, social interactions and personal thoughts. The analysis
of the survey submissions and the audio recordings will be performed in this direction
by our collaborator. We analyzed the collected data in order to obtain insights on
the smartphone usage patterns of the participants and hardware differences between
different smartphone models. We found that there are certain smartphone models from
which we can collect various types of data reliably. We also experienced problems in
data collection with certain smartphone models. We show high availability of Wi-Fi
infrastructure for two housewives and a retired person who spent most of their time at
home during the study. Televisions with Bluetooth technology are found consistently
in Bluetooth scans of a few participants. We show through data completeness analysis,
our data collection application may not collect data reliably and continuously from
a smartphone due to various reasons such as empty battery, intentional shutdown of
the smartphone by the user and Android OS energy optimization mechanisms that
interfere with the data collection. In the multi-modal analysis of the collected data,
we show that we are able to capture the place changes of a smartphone user both in
accelerometer data and Wi-Fi data. Using survey answers, we verified that both of

these modalities are accurate estimators of a smartphone user’s place changes.

Through data collection study, we showed that presence patterns of APs accu-
rately reflect place changes of a smartphone user. We also showed the high availability

of Wi-Fi infrastructure for most of the participants during a day. Building upon this
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findings, we developed an algorithm that gives semantic location awareness to mobile
devices. This algorithm periodically conducts Wi-Fi scans and when it detects a stable
radio environment it requests a place name from the user. When a name is supplied
by the user, Wi-Fi fingerprint of the location is associated with the given name. APs
found in a location constitute the Wi-Fi fingerprint of that location. Visits to pre-
viously created places are detected by comparing the Wi-Fi fingerprint in a location
with the previously created places” Wi-Fi fingerprints. The place with the most sim-
ilar fingerprint is determined as the current place of the user. We are also able to
merge places with different Wi-Fi fingerprints but sharing at least one AP. Through
this feature, for example, a three floor building can be named as “Office” by merging

the Wi-Fi fingerprints of the floors.

Finally, we introduced a mobile lifelogging application which records call logs,
SMS messages, weather conditions, visited locations and ambient audio periodically.
Visited locations are logged using the novel Wi-Fi based algorithm that we have intro-
duced. All of the captured experiences are displayed in a daily timeline to the user. An
experience retrieval functionality allows to retrieve past experiences using associative
cues. For example, a user remembering a snowy Monday night in which s/he received
phone calls and SMS messages from his/her friends can use these cues to retrieve the
experiences in the day described by the cues. An appropriate retrieval user interface is
designed in which a user can specify cues to find a day with a matching description. As
a result of a search, all of the experiences captured in the matching day are shown to
the user. A user is also able to listen the automatically recorded audio files on the daily
timeline. Currently, audio is recorded in duty cycles. In the near future, we envision

that full day audio recording will be feasible using smartphones.

As a future work, we plan to conduct extensive user studies to assess the reliability
of the semantic location awareness algorithm. We also plan to put the Auto Diary
application on the Android applications distribution platform and get feedback from
the users. We may consider designing a user study in which we will be able to show
the usefulness of Auto Diary application as a memory aid. We will also improve

Smartphone Tracker system and conduct new data collection studies using it.
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APPENDIX A: 5 DAYS 22 PEOPLE DATA COLLECTION
STUDY

A.1. Participant Consent Form

Table A.1. Participant consent form in Turkish.

KATILIMCI BiLGILENDiRME FORMU
‘Giinliik Hayatta Dogal Diisiince Siireclerinin incelenmesi’

Dr. Burcu Demiray Batur, Ziirih Universitesi, Psikoloji Boliimii
Dr. Bert Arnrich, Bogazici Universitesi, Bilgisayar Miihendisligi Béliimii

Asagidaki bilgileri okumaniz, bu arastirmanin icerigi ve dogasi hakkinda bilgi sahibi
olmaniz acisindan énemlidir.

Arastirmanin amact:
Bu pilot ¢alismanin amaci, insanlarin giinliik hayatlarinda ve dogal ortamlarinda neler
hakkinda diistindiiklerini ve konugtuklarm incelemektir.

Katihm kriterleri:
Bu calismaya katilmak i¢gin (1) en az 18 yasinda olmahsiniz, (2) anadiliniz Tiirkge olmah
ve (3) Android sistemiyle ¢alisan bir akilli telefona sahip olmalisiniz.

Cahsma kapsaminda yapmaniz gerekenler:

- Bilgilendirme toplantisi (27 Mart 2014): Aragtrmanin prosediirleri ve katilimcilarin
yapmasl1 gerekenler anlatilacaktir. Kullanilacak akilh telefon uygulamasindan 6rnekler
gosterilecektir.

- Akilh telefon ile veri toplama siireci (29 Mart — 2 Nisan): Akilh telefon uygulamamiz
katthmailann giinlik hayatlarinda arka planda gahsarak data toplayacaktr. Ayrica,
giinde ortalama 6 kez sinyal vererek katihmcilardan kisa bir anket doldurmalarini
isteyecektir. Bu anketi doldurmak yaklasik bir dakika siirmektedir.

- Geribildirim toplantis1 (4 Nisan): Katthmcilardan gahsma ile ilgili goriisleri, sorular
ve geribildirimleri alinacaktir. Son olarak, katihimcilara yardimlar igin 6deme
yapilacak ve ilgilerini cekiyorsa calismanin hipotezleri hakkinda bilgi verilecektir.

Akilh telefon uygulamasi ve katthma gizliligi

Veri toplama sirasinda telefonunuzun sabah 10:00 ve aksam 23:00 saatleri arasinda agik
olmasi  gerekmektedir. =~ Uygulamamiz  sayesinde asagida listelenen  verileri
toplayabilmekteyiz:

e Telefonun donanmimi (model, MAC adresi, vb.), Android Igletim Sistemi Bilgileri
(irtin yazihm versiyonu, sdk, vb.)

GPS, Bluetooth, WiFi, baz istasyonu verileri

Yakinlik, 151k, ivmeolger sensor verileri

Sarj seviyesi, calistirilan uygulamalar, kurulu uygulamalar

Rehber, telefon gortismesi, mesajlagsma gegmis 6zeti, tarayici kullanimi

Toplanan veriler icerisinde hassas bilgiler yer almamaktadir. Omegin, telefon
aramalarinda konugmanin icerigi kaydedilmemektedir. Sadece ne zaman goriisme yapildig1
bilinebilmektedir. Mesajlarda da aym sekilde sadece ne zaman mesaj atildig1 veya alindigt
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kaydedilmekte fakat mesaj icerikleri kaydedilmemektedir. Telefon ile arayan veya mesaj
atan kisilerin isimleri ve telefon numaralar kaydedilmemektedir. Tarayic aramalarinda da

aramanin yapildig1 zaman kaydedilmekte fakat aramada kullanilan kelimeler, ziyaret edilen
sayfalar kaydedilmemektedir. Tiim telefon numaralar (rehberdeki, mesaj atilan/alinan ve

telefon aramasmnda kullanilan) tek yonlii harmanlanmaktadir (hashing). Bu sayede érnegin
her giin diizenli olarak aramilan bir kisinin telefon numarasmin harman: her giin aym degeri
vereceginden bu davranig tarafimzdan anlagilabilmekte fakat aramilan kisinin kim oldugu
(telefon numarasi, ismi, vb.) bilinememektedir.

Uygulama siirekli ¢ahsmayip ara ara aktif olmaktadir. Verilerin toplanma sikhg telefon
sarjimizin bir giin idare edebilecegi sekilde ayarlanmustir.

Telefonunuzun mikrofonu gevrenizdeki gesitli sesleri (6rnegin arkada calan radyonun sesi,
sokak giiriiltiisii veya arkadasinizla ettiginiz bir sohbet) ara ara kaydetmek icin
programlanmistir. Her ses kaydinm siiresi ¢ok kisa oldugundan (sadece 1 dakika)
konusuyorsaniz, soylediklerinizin sadece ¢ok kiigiik bir yiizdesi kaydedilecektir. Yine de
0zel yasam ve mahremiyetinizi korumak igin, uygulamamiz size tiim ses kayitlarimzi
dinleme sansi verecektir. Bizimle paylasmak istemediginiz ses kayitlarini silme hakkimz
vardir.

Cahsmaya katthmin risk ve faydalari:

Bu aragtirmaya katilmanin herhangi bir fiziksel veya psikolojik riski yoktur. Faydasi ise
giin icinde kendi duygu ve diisiincelerinizi takip etme ve inceleme sansina sahip
olmamzdir. Onceki ¢alismalarimizdan gozlemledigimiz, katiimcilarin bu deneyimi ilging
ve faydali bir i¢ gozlem siireci olarak tamimladiklaridir.

Katihm Bedeli:

Kattlminiz karsihiginda 150 Tirk Lirasi kazanacaksimz. Eger calismaya ge¢ dahil
olduysaniz veya erken biraktiysaniz, katthm gosterdiginiz giin sayisina gore Odeme
yapilacakur.

Gizlilik:
Sizden toplanan her veri gizli tutulacak ve saklanacaktir. Isminiz hig bir yerde kesinlikle
gecmeyecek ve verinizle bagdastirlmayacaktr. Verinize sadece ve sadece bu galismanin

aragtrmacilart (Dr. Bert Armrich, Dr. Burcu Demiray Batur ve Hasan Faik Alan)
ulagabilecektir.

ANLASMA:

Yukaridaki bilgileri okudum. Bu c¢ahsmaya kendi istek ve rizamla katlmus
bulunmaktayim.

Katihmci: Tarih:

imza:
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A.2. Survey Questions

Table A.2. Thinking survey questions.

1. Just now, what were you thinking about?

Record your voice

2. How much were your thoughts focused on: (slide the bar for all three options

from not at all to very much).

e The past
e The future

e Your current activity in the present moment

3. Have these thoughts suddenly popped up in your mind by themselves (without
an attempt to think about them)?

Yes or No (Tick only one)

4. The affective content of your thoughts were:

(Slide the bar from very negative to very positive).

5.These thoughts served the following function(s) and helped you to: (Only slide
the bar for those that apply, from not at all to very much):

e make a decision

e achieve a goal

e plan an action

e solve a problem

e help you move forward with your current task/activity
e empathize with someone/understand someone

e feel close to someone/connect with someone

e understand yourself

e reassure your beliefs and values

e remind yourself what kind of a person you are
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e reduce boredom

e daydream

. Just now, how much do you feel: (slide the bar from not at all to very much).

e Happy:
e Stressed:

o Awake:

. Just before the beep, what were you doing? Please tick all that apply.

e Working/studying

e In a meeting, seminar, class
e Commuting, traveling

e In traffic

e Shopping, errands

e Housework, chores

e Cooking, preparing food

e Admin, finances, organizing
e Waiting, waiting in line

e Childcare, playing with children
e Petcare, playing with pets

e Care or help for adults

e Talking, chatting, socializing
e Texting, email, social media
e Browsing the internet

e Watching TV /film
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Listening to music

Theater, cinema, concert
Sports, running, exercise
Computer games, smartphone games, other games
Hobbies, arts, crafts,

Reading

Washing, dressing, grooming
Walking, taking a walk
Intimacy, making love
Sleeping, resting, relaxing
Sick in bed

Meditating, religious activities
Eating, snacking

Drinking tea/coffee

Drinking alcohol

Smoking

8. To what extent were you focused/concentrated on what you were doing?

(slide the bar from not at all to very much)

9. Are you alone, or with strangers only? Or are you with your: (Please tick all

that apply)

Alone

Spouse, partner, girl/boyfriend
Children

Other family members

Colleagues, classmates
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e Boss

Clients, customers

Friends

Other people you know

People I don’t know

10. Where are you?

e Home
e Work

In a vehicle

Restaurant/Cafe/Bar

Supermarket

Outdoor/Public Place
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Table A.3. Talking survey questions.

1. How much were your talk focused on (slide the bar for all three options from not

at all to very much)

e The past
e The future

e Your current activity in the present moment

2. This last conversation served the following function(s) and helped you to: (Only

slide the bar for those that apply, from not at all to very much):

e make a decision

e achieve a goal

e plan an action

e solve a problem

e help you move forward with your current task/activity
e teach/inform someone

e empathize with someone/understand someone
e feel close to someone/connect with someone

e get to know someone

e understand yourself

e reassure your beliefs and values

e remind yourself what kind of a person you are

e reduce boredom

3. Did this conversation affect your mood? (Tick only one)

e Worse
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e Better

e No impact

4. Just before the beep, what were you doing? Please tick all that apply.

e Talking, chatting, socializing

e Working/studying

e In a meeting, seminar, class

e Commuting, traveling

e In traffic

e Shopping, errands

e Housework, chores

e Cooking, preparing food

e Admin, finances, organizing

e Waiting, waiting in line

e Childcare, playing with children
e Petcare, playing with pets

e Care or help for adults

e Texting, email, social media

e Browsing the internet

e Watching TV /film

e Listening to music

e Theater, cinema, concert

e Sports, running, exercise

e Computer games, Iphone games, other games

e Hobbies, arts, crafts,
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e Reading

e Washing, dressing, grooming
e Walking, taking a walk

e Intimacy, making love

e Sleeping, resting, relaxing

e Sick in bed

e Meditating, religious activities
e Fating, snacking

e Drinking tea/coffee

e Drinking alcohol

e Smoking

5. To what extent were you focused/concentrated on what you were doing?

(slide the bar from not at all to very much)

6. Who were you just talking to? (Please tick all that apply)

e Spouse, partner, girl/boyfriend
e Children

e Other family members

e Colleagues, classmates

e Boss

e Clients, customers

e Friends

e Other people you know

e Stranger (s)

7. To what extent do you like the person/people you were talking to?

(Slide the bar from not at all to very much)
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8. To what extent do you evaluate this conversation as intentionally sought out?

(Slide the bar from not at all to very much)

9. Where are you?

e Home
o Work

In a vehicle

Restaurant /Cafe/Bar

Supermarket

Outdoor/Public Place
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APPENDIX B: UTILITY APPLICATIONS

B.1. Sensor Log: A Mobile Data Collection and Annotation Application

The sensory data collected from smartphones need to be partially or completely
annotated in order to be used in the training phase of learning algorithms. In order to
ease the time consuming and burdensome annotation process, a mobile data collection
and annotation application named Sensor Log is developed [59]. The application can

be downloaded from the Android applications distribution platform ° .
B.1.1. Application Usage
A new label is defined by giving it a name and choosing associated sensors from

available device sensors (Figure B.1a). Defined label appears as a round button on the

application home screen (Figure B.1b).

¢ Nl @ 09:27 ¥ N = all B O09:29
“ New Label H Sensor Log S O
Label Name Unknown

Walking 00:00:41

Sensors

I:\ BMA222 Acceleration Sensor
I:\ AK8975 Magnetic field Sensor

I:I AK8975 Orientation Sensor

[

Save

(a) (b)

Figure B.1. New label definition: (a) associating sensors with a label (b) created label

is shown on the home screen as a round button.

Shttp://hfalan.com/sensorlog
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When a button on the application’s home screen is tapped, all the sensors asso-
ciated with the label begin collecting data and the color of the button turns to blue
(Figure B.2a). Data collection is performed via a Service, an Android operating sys-
tem application component, which allows to continue data collection in the background
even when the application or the screen of the phone is closed. Data are requested from
all sensors at the maximum sampling rate. For example, using Galaxy S3 Mini 18190
smartphone, in about 63 seconds, 6109 accelerometer data are collected which corre-
sponds to approximately 100 Hz of sampling rate (Figure B.2b). A constant sampling
rate cannot be guaranteed by the operating system due to system load fluctuations and
other applications that may be requesting sensory data at the same time. Also there
are sensor specific constraints for the sampling rate. For example, GPS data may not
be collected at all if the phone is in an indoor place. When the active button (i.e., blue

colored button) is tapped again data collection stops.

History
Walklng Label Walking
000-I 00 Start Date Apr 28,2014 11:19:35 AM

End Date Apr28,2014 11:20:38 AM

Elevator Up Sensor Reading Count
GPS 69
MPU-6050 6109
Accelerometer
Walking Down} Walking Up WiFi 2ed

Elevator Down

Stairs Stairs

(a) (b)

Figure B.2. Data collection user interfaces in Sensor Log: (a) when a button is
tapped all the associated sensor begin collecting data (b) number of data points

collected from each sensor are shown on the History screen.
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Each data collection session is listed on the History screen with start and end
times (Figure B.3a). A single session or all of the sessions can be deleted from the list.
Deletion feature allows to have a quality data set by eliminating unwanted sessions in
the data. When a list item is chosen, a detail screen is shown for the chosen session
(Figure B.3b). In the detail screen, sensor reading count is shown for each sensor

associated with the label.

Walklng Up St... Apr28,201411:25:06 AM
Apr 28,2014 11:24:52 AM

Elevator Up Apr 28,2014 11:24:21 AM
Apr 28,2014 11:24:07 AM

Wa".ung Apr 28,2014 11:20:38 AM . .
Apr 28,2014 11:19:35 AM EXportlng hlstory..,
Wa".ung Apr 28,2014 11:19:32 AM
Apr 28,2014 11:18:29 AM Please wait

Walklng Down... Apr28,201411:18:29 AM
Apr 28,2014 11:18:07 AM

Walking Down... APr 28,2014 11:16:51 AM 6566/18734
Apr 28,2014 11:16:46 AM

Walking Down... Apr 28,2014 11:16:39 AM
Apr28,201411:16:08 AM

Walking Down... Apr 28,2014 11:16:07 AM
Apr 28,2014 11:15:40 AM

Walking Down... APr 28,2014 11:15:27 AM
Apr28,201411:14:22 AM

(a) (b)

Figure B.3. User interfaces for reviewing history and data export.

Collected data are stored in an SQLite database named sensor.db in the internal
storage of the device. Files stored in the internal storage are accessible only to the
application using them. In order to access the SQLite database, export button with
an arrow icon is tapped on the History screen. The database is then exported to the
external storage of the device where a file can be accessed by anyone. An SQLite
browser software or a programming language that has an interface to communicate
with an SQLite database can be used to review and analyze the collected data. It is
also offered as a functionality to export the collected data in CSV file format and send

the file as an emalil attachment.
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B.1.2. Sensor Log Feasibility Study 1 - Transportation Mode Discovery

In this study Sensor Log is used for collecting and labeling GPS and Accelerometer
data for discovering the transportation mode of a person carrying a smartphone. Data
collection for this study is performed by a single person carrying a Samsung Galaxy
S3 Mini I8190 smartphone. Running, Walking and In Vehicle labels are defined in
the application. Each label is associated with GPS and accelerometer. Running and
walking activities are performed in a stadium which has an oval running track (Figure

B.4). In Vehicle activity is performed by traveling by bus in a city (Figure B.5).
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Figure B.4. GPS data points for a sample Running activity are shown on top of an

oval running track.
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Figure B.5. GPS data points for a sample In Vehicle activity are shown.
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Details of the collected data are given in Table B.1. The data are split into
five seconds long windows and mean speed value is calculated for each window. If
mean speed value for a window is below 2 m/s, transportation mode for this window is
determined as Walking. If mean speed value is between 2 m/s and 8 m/s, transportation
mode is determined as Running and if mean speed is higher than 8 m/s, the mode is
determined as In Vehicle. Using this simple heuristic, transportation mode of the

person is guessed for 150 windows (Table B.2).

Table B.1. Details of the collected data for different transportation modes.

Duration GPS | Accelerometer
Walking | 4 minutes 25 seconds | 258 25246
Running | 2 minutes 38 seconds | 151 15200
In Vehicle | 9 minutes 6 seconds | 570 56382

Table B.2. Confusion table of the transportation mode discovery study.

Walking | Running | In Vehicle

Walking 50 0 0
Running 16 34 0
In Vehicle 0 6 44

In this feasibility study, we used only the speed of a smartphone obtained from
GPS to discover the transportation mode of a person. However, in Figure B.6, a
distinct pattern is observed in accelerometer magnitude values for different transporta-
tion modes. By extracting various features from accelerometer magnitude values (e.g.,
mean, variance, max-min, etc.) and training a machine learning algorithm (e.g., De-
cision Tree (DT), K-nearest neighbor (KNN), Support Vector Machine (SVM), etc.)

using these features we can get better results as it is shown in the literature [7].
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Figure B.6. Acceleration magnitude patterns of a smartphone for three different

transportation modes: (a) walking (b) running (c) in vehicle.
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B.1.3. Sensor Log Feasibility Study 2 - Indoor Localization

In this study Sensor Log is used to collect and label Wi-Fi access point data for
an indoor localization study. The data are collected using Samsung Galaxy W 18150
smartphone. Six different place labels namely Office Room 1, Office Room 2, Office
Kitchen, Home Kitchen, Home Living Room and Supermarket are defined in Sensor
Log. All of the place labels are associated with Wi-Fi. Each label is activated for about
five minutes in the corresponding location. Number of Wi-Fi scans performed in each

place is shown in Table B.3

Table B.3. Number of Wi-Fi scans performed for six different places.

Place Names Wi-Fi Scan Count
Office Room 1 (P1) 236
Office Room 2 (P2) 72
Office Kitchen (P3) 71
Home Kitchen (P4) 71
Home Living Room (P5) 81
Supermarket (P6) 73

For each place, five of the Wi-Fi scans are used for training and 60 scans are used
for testing. 111 unique BSSIDs are found in the training Wi-Fi scans. 111 bits long bit
strings are generated for each place as it is shown in Figure B.7. A 1 in the bit string
of a location denotes corresponding BSSID was seen in at least one of the training
Wi-Fi scans of this location. These bit strings constitute the Wi-Fi fingerprints of the

locations. Similarly 60 test fingerprints are generated from the test Wi-Fi scans.

Each of the 60 test Wi-Fi fingerprints are then compared with fingerprints of
the locations and a test scan is determined as belonging to a place which has the
most similar WiFi fingerprint to its fingerprint. Similarity is measured using Tanimoto

similarity as it is defined in Figure ??. Confusion table is shown in Table B.4.



O0ffice Room 1 [0,
0ffice Room 2 [1,
Office Kitchen [1,

Home Kitchen [0,
Home Living Room [0,
Supermarket [o,

Figure B.7. Wi-Fi fingerprints of 6 different locations.

Table B.4. Confusion table of the indoor localization study.

P1| P2 | P3| P4|P5|P6
Office Room 1 (P1) 60 |0 |0 [0 [0 |O
Office Room 2 (P2) 0 |60 |0 [0 [0 |O
Office Kitchen (P3) 0O |0 |60[0 [0 |O
Home Kitchen (P4) 0O [0 |0 [59]1 |0
Home Living Room (P5) |0 |0 |0 [6 |54 |0
Supermarket (P6) 0O |0 |0 [0 [0 |60

The accuracy of the localization algorithm may be improved if we take into ac-
count the received signal strength values (RSS) of APs. RSS values can be assumed
to come from a Gaussian distribution. During training, mean and variance of the RSS
values of each AP can be calculated in each location. These values can then be used
as parameters of the Gaussian functions designed for each AP. Given a test scan, we
can get a score for a probable place by multiplying the values we get from Gaussian
functions designed for each AP in the location. The test RSS values are the input
of the Gaussian functions. The location which produces the highest score is then de-
termined as the current place of the smartphone. We developed a utility application
named Wi-Fi Indoor Localization that uses this algorithm for localization. It can be

downloaded from the Android applications distribution platform 6 .

Shttp://hfalan.com/wifilocalization
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