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ABSTRACT

One important research challenge in ubiquitous computing is determining a device’s
indoor/outdoor environmental state. Particularly with modern smartphones,
environmental information is important for enabling of new types of services and
optimizing already existing functionalities.

This thesis presents a tool for Android-powered smartphones called ContextIO for
detecting the device’s indoor/outdoor state by combining different onboard sensors
of the device itself. To develop ContextlO, we developed a plugin to AWARE
mobile sensing framework. Together the plugin and its separate controller
component collect rich environmental sensor data. The data analysis and ContextIO’s
design considers collected data particularly about magnetometer, ambient light and
GSM cellular signal strength. We manually derive thresholds in the data that can be
used in combination to infer whether a device is indoor or outdoor. ContextIO uses
the same thresholds to infer the state in real time.

This thesis contributes an Android tool for inferring the device's indoor/outdoor
status, an open dataset that other researchers can use in their work and an analysis of
the collected sensor data for environmental indoor/outdoor state detection.

Keywords: ubiquitous computing, smartphones, mobile sensing, positioning



Zhou J. (2016) Mobiilihavainnointiin perustuva ratkaisu éilylaitteen
paikantamiseksi sisii- ja ulkotilojen suhteen. Oulun yliopisto, tietotekniikan
tutkinto-ohjelma. Diplomity0, 32 s.

TIIVISTELMA

Yksi jokapaikan tietotekniikan tutkimuskysymyksistd keskittyy selvittdméén onko
laitteen sijainti sisd- vai ulkotilassa. Etenkin wuudet é&lypuhelimet pystyvit
hyodyntdmaén taté tietoa uudenlaisten palveluiden ja sovellusten kehittimisessd seka
vanhojen toiminnallisuuksien optimoinnissa.

Tama diplomityo esittelee Android-kéyttojarjestelmalld toimiville puhelimille
suunnatun tydkalun nimeltddn ContextlO. Tyokalu yhdistelee dlypuhelimen
sensorien tuottamaa tietoa ja havaitsee laitteen siirtymisen eri sijaintiin sisd- ja
ulkotilojen suhteen. ContextIO:n suunnittelu ja kehitystyd perustuvat data-analyysiin,
jonka data kerdttiin AWARE-sensorialustan liitdnndiselld sekd erilliselld
nimedmistyOkalulla. Data-analyysi keskittyy magnetometrin, valosensorin sekd
GSM-kentdn voimakkuuden hyddyntimiseen paikantamisessa. Kerétystd datasta
maidriteltiin raja-arvot, joita yhdistelemélld voidaan varsin luotettavasti todeta laitteen
sijainti sisd- ja ulkotilojen suhteen. Ndméi raja-arvot luovat perustan ContextIO:n
reaaliaikaiselle laitteen sijainnin méérittdmiselle.

Témin diplomityon pédasialliset tulokset ovat tydkalu Android-pohjaisten
dlypuhelinten sijainnin médrittdmiseen sisi- ja ulkotilojen suhteen, avoin datasetti,
jota muut tutkijat voivat kéyttdd sekd sijainnin madrittdmiseen keskittyvd data-
analyysi.

Avainsanat: jokapaikan tietotekniikka, é&lypuhelimet, mobiilihavainnointi,
sijainnin méirittiminen
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1. INTRODUCTION

The availability of accurate contextual information plays an increasingly important
role in current mobile smartphone platforms, both for optimizing old and enabling
new types of applications. Context-aware mobile applications that utilise mobile
sensing techniques can, for example, coordinate and alter different settings based on
context information such as ambient noise, phone profile or weather [1, 2]. Or, if a
smartphone is aware of its indoor/outdoor state it can adjust volume and vibration
settings of notifications accordingly.

Several projects and prototypes are seeking to accurately detect a device’s
indoor/outdoor state and solutions such as location-based labeling or using simple
sensor data have been proposed. Still, there is a clear need for alternative efficient
and lightweight solutions. One of the promising ways for determining a phone’s
environmental state is fingerprinting ambient information [3] that includes both
physical info such as sound, motion, colour, and logical information such as mapping
WiFi networks and other types of mobile signal strengths. After constructing a rich
fingerprint database about the surroundings, detecting the state becomes a matter of
database queries and comparing the real time sensor readings to the stored
fingerprints and choosing the best fit. However, this technique naturally requires a
number of sensors and a vast database. Further, ambient noise and availability of
WiFi networks tend to change fast, making this technique suboptimal.

The availability of onboard smartphone sensors is constantly increasing. This
makes real time mobile sensing a powerful enabler for new kinds of applications.
New types of games and services, such as Pothole Patrol that uses sensors to monitor
the surface conditions of roads [4] or BikeNet Mobile Sensing System that map
cycling experiences [5], are gaining popularity.

In this thesis, we leverage real time mobile sensing to detect environmental
indoor/outdoor state of the device. We focus on and discuss several topical issues
such as energy efficiency, detection accuracy and the availability of sensors in the
majority of Android phones on the market at the time of writing this thesis.

1.1. Objective and Research Questions

The objective of this thesis is to build an Android application to detect
indoor/outdoor state of the device. To support the objective, this thesis focuses on
two research questions:

RQ1: What sensors are available and can be used for facilitating indoor/outdoor
state detection on a modern Android smartphone?

RQ2: More specifically, which factors and sensors influence most the accuracy of
indoor/outdoor state detection and should therefore be included in the final tool?

1.2. Structure of this Thesis

Chapter 2 introduces mobile sensing and indoor/outdoor state detection solutions.
Chapter 3 presents data collection and analysis. The implemented solution is then
introduced in Chapter 4. Chapter 5 discusses the work in the context of related work
and presents a summary of findings and the author’s experiences.



2. MOBILE SENSING

This chapter briefly introduces mobile sensing in general, and then proceeds to
review already existing solutions for inferring indoor/outdoor state with emphasis on
mobile computing and smart phones.

2.1. Introduction

Mobile phones have rapidly developed into powerful sensing platforms, and new
capabilities are increasingly being used to sense everyday events and physical
surroundings to enable new types of applications and features [6]. For example,
devices’ motion (accelerometer, gyroscope), location or ambient noise can already be
measured using off-the-shelf smartphones [7]. However, mobile sensing introduces a
number of challenges as well, such as accuracy of commonly used sensors (e.g. GPS
location, barometer), energy efficiency issues and efficient mining and interpretation
of collected data [6].

However, applications using mobile sensing are already mature enough for
commercial distribution, and mobile application markets such as Google Play and
Apple App Store contain a plethora of mobile sensing applications for a variety of
different purposes [8].

2.2. Context

A broad generalization can be made that all mobile sensing aims at inferring different
contexts. Context, according to Cambridge English dictionary, means “the situation
within which something exists or happens” [9], and this is also the definition we use
in this thesis. However, context has a variety of different descriptions, and different
researchers have different understanding towards context. For instance, when
describing the concept of context-aware, context has been defined as location of use,
collection of nearby objects, such as people, host, and accessible devices and changes
to such objects over time [2, 10]. Chen and Kotz categorized context into 4 different
groups, namely computing context, user context, physical context and time context
[11]. Dey and Abowd denoted context as any information that can be used to
characterize the situation of an entity and also categorize the context as who, what,
when, where, why [12].

2.3. Smartphone sensor capabilities

While the early cellphones contained hardware merely for supporting communication,
manufacturers rapidly realised the potential of adding value to the device with
cameras, compasses, barometers, proximity sensors, light sensors, GPS
functionalities, etc. In early 2000s, the so called “smartphones” started to globally
proliferate. Today’s smartphones are powerful networked computing devices that
often are used for much more than just communication purposes. The modern
smartphone can truly sense, see and hear ambient environments [13].

In this thesis, we mainly focus on Android-powered devices, as in 2016 almost 9
out of 10 sold smartphones feature Android OS [14]. The onboard sensors in
Android smartphones are classified into 3 broad categories, namely motion sensors,



environmental sensors and position sensors [15]. Motion sensors include such as
accelerometers, gravity sensors, gyroscopes, and rotational vector sensors.
Environmental sensors include barometers, light sensor (luminance), cameras,
thermometers, humidity, etc. [15]. Finally, position sensors aim to help physically
locating the device using for instance GPS, magnetometer, and compass.

2.4. Aggregating sensor data

The data produced by onboard sensors can also be combined. Aggregating different
types of data can produce more accurate results especially for inferring information
about different contexts than using a single data source. Similarly, aggregated sensor
data is commonly utilised in researching human behavior and social activities [16].
However, this has been shown leads to issues with energy consumption and privacy
[16].

Internet of Things (IoT) broadly refers to enabling networking between various
types of computing devices [17]. As the number of networked devices increase, so
does the need for coordinating and managing data. Several modern platforms, such
as PubNub [18], aim to synchronize data that flows between devices and the cloud
using a publish/subscribe model. Another example specifically for mobile devices is
Mobile Sensor Data Collector that synchronizes data via Bluetooth and WiFi [19].
The requirement for real time data transfer in such platforms has raised a need for
considering the transfer protocols carefully. For example, Mobile Sensor Data
Collector [19] chooses UDP over TCP protocol in order to avoid confirmation
signals. To reduce the energy consumption, different platforms take different
approaches. For example, Piggyback CrowdSensing [20] intelligently leverages the
period when user is operating the smartphone to collect sensor data. This way, since
many smartphone resources, such as CPU or other sensors, are activated already,
energy consumption can be reduced significantly. LittleRock [21], when possible,
offloads the sampling and processing of sensor data to low-power processors instead
of the main processor, and thus enables the phone to perform continuous sensing at a
low power overhead [21].

To tackle all these issues and enable easy aggregation of sensor data, several
mobile sensing frameworks exist. Next, we will introduce some of the frameworks
that are most related to our approach.

2.5. Mobile sensing frameworks

There exist several mobile sensing frameworks that make it easy to aggregate sensor
data. Here, we first discuss AWARE, as the most related framework to the thesis,
and continue with two more examples of mobile sensing frameworks.

Aware framework [22] is a mobile instrumentation framework that enables easy
data collection and aggregation. It is aimed at “facilitating our understanding of
human behavior.” Specifically, AWARE can be utilized to build context-aware
applications, collect data, and study human behavior. AWARE offers a configurable
mobile client that handles sensor data collection using a variety of different onboard
sensors and software sensors. To handle more complicated data collection needs,
AWARE can also be embedded in another application and it also supports plugins
that can implement custom functionality and use AWARE’s sensing capabilities. The



sensor data is timestamped and first collected in a local SQLite database on the
phones. Then, a sync interval defines when the data is synced to a server, also
offered by AWARE for researchers to store and retrieve user data. Ultimately,
AWARE is a flexible framework that is useable for a wide range of purposes. Thus,
several academic studies that focus on studying human behavior have used AWARE
as the data collection platform (see e.g., [23] or [24]).

MyExperience is a mobile middleware dedicated to understanding the user’s
perception, motivation and satisfaction of mobile device by means of capturing both
subjective and objective data (i.e., human-based and sensor-based data) [25]. The
subjective data, namely human-based data, is collected through a context-triggered
Experience Sampling Method (ESM) survey. MyExperience targets two specific
group of audiences, namely researchers and participants. Researchers customize the
tool according to their specific study requirements, and participants run the tool in
various capacities based on the customizations made by researchers [25]. As with
AWARE, data collected by MyExperience can be synchronized to a server in near
real time.

Funf [26] is a middleware focusing on social interaction and behavior. Funf
collects data from 25 phone-based sources of signal which can primarily be classified
as hardware sensors (e.g., GPS, accelerometer, Bluetooth), software sensors (e.g.,
calls, SMS), communication activities, installed and running applications,
multimedia information, manually input data by participants, etc. Data is collected
through 3 approaches, namely Mobile Phone Sensing Platform, Surveys, and
Facebook Data Collection Application. Specifically, Mobile Phone Sensing Platform
is the core of data collection. This platform runs in a phone periodically, and it
senses and records information from all the 25 types of data signals. Survey has 2
types, namely web-based and on-phone surveys. Survey, supposed to be completed
at regular intervals, has monthly surveys and daily surveys. Facebook Data
Collection Application is an option for users to install on their own. It logs users’
online activities. The phone data is stored in local storage with a SQLite file format.
Every 3 hours data file is changed to reduce data loss due to file corruption and
periodic data uploading to back-end is also supported.

2.6. Approaches to detecting indoor/outdoor state

Typically, in literature about indoor/outdoor state detection, the environment is
classified in three categories: indoor, semi-outdoor and outdoor. Specifically, indoor
usually refers to being inside a building, and semi-outdoor refers to being close to a
building or in a semi-open building. Outdoor refers to being outside any building.
Semi-outdoor is conceptually the most ambiguous, but the need for it is justified, as
it clearly differs from the others for example in the typical availability of wireless
networks [27].

One popular means to explore environmental states is image processing and
pattern recognition [28, 29, 30]. Such technique primarily uses camera and light
sensors, which are already available in off-the shelf smartphones.

One of the most straightforward methods for indoor/outdoor detection is
leveraging the availability of the GPS signal. Outdoor, GPS is typically available
whereas indoor the signal strength is either significantly weaker or not detectable at
all [31]. However, in some cases, for example when the device is close to an open
window or door, GPS can receive adequate signal, which reduces its reliability for
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state detection [31]. In addition, GPS plays an role of high energy consumption
sensor among the whole sensor collection [32], thus GPS is not a suitable choice in
terms of continuous sensing demand. Eventually GPS is not chosen to be utilized.

Radio Frequency Identification (RFID) including both active [33, 34] and passive
types [35] can be used to facilitate indoor/outdoor positioning. In this case
developers program the Radio Frequency (RF) tags that are used to infer the position
of the user. In case of RFID, the tag reader can be either embedded in the
environment or the device being positioned can carry the reader and the tags are
placed in the surroundings. Similar to RFID, other positioning systems also rely on
custom wireless signal infrastructure, and examples of such systems can be found in
[36, 37].

A common method for fingerprinting different locations, and therefore also
enabling indoor/outdoor inference, is utilising received signal strength (RSS).
Examples of systems and methods can be found in [38, 39, 40, 41, 42, 43, 44].
Different networks can be utilised in fingerprinting such as WiFi RSS [38, 39, 40,
41, 42, 43], cellular network [44] and custom third party transmitters [36]. Of these,
WiFi now is practically ubiquitous inside buildings in many parts of the world [39]
and is therefore perhaps the most robust choice.

Finally, magnetic field variation [45] and light intensity [27, 46] have been also
successfully leveraged to infer indoor/outdoor environmental state.

2.7. Mobile indoor/outdoor state detection solutions

Several mobile solutions that use one or a combination of the previously introduced
technological enablers to infer the device’s indoor/outdoor state exist. For instance,
1ODetector is an Android application that uses leverages onboard ambient light
sensor, magnetometer and cellular signal strength and time of day to detect between
indoor, outdoor and semi-outdoor contexts [27]. IODetector offers a user interface
for users to input ground truth about the context on the go, which is then compared to
the inferred state to demonstrate accuracy. /ODetector uses only energy-efficient
sensors, and thus is fairly “lightweight”.

IODetector uses static thresholds in the sensed data for state detection. In certain
conditions (e.g. geographic areas) this leads to problems unless the thresholds are
manually changed. An alternative solution to static thresholds is using semi-
supervised machine learning using Co-Training method that produces a more robust
result in changing environments (see examples in [31, 46). Semi-Supervised machine
learning refers to training the final classifier (here, the “decision-maker” about the
context) with data that is not fully labeled, i.e., there is not always ground truth
available. Further, co-Training [31] method focuses on generating new data set in
new environment and generates new model based on the newly merged data set.
Specifically, co-training refers to using 2 classifiers to train data collaboratively and
learn from each other. However, this approach is battery and CPU intensive.

Using the current mobile devices, it is still unrealistic to continuously train
classifiers and simultaneously collect and store data from several sensors. For this,
battery and CPU technologies must develop significantly more. Another approach to
machine learning 1is using GPS positioning combined with sensor-based
indoor/outdoor detection [47]. Specifically, the sensor-based solution infers
indoor/outdoor state, while GPS is opened outdoor to find the transition location
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[48]. If indoor, the device attempts to use WiFi signal strength to find the transition
location. However, this solution is also fairly battery and CPU intensive.
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3. DATA COLLECTION AND ANALYSIS
Here we present the means and procedure for collecting rich environmental context
data. The data is then analysed and findings used to inform the design of our own
mobile indoor/outdoor detection solution. This thesis uses three contextual states:
indoor, semi-outdoor and outdoor. The states and their meaning in our context are
introduced in more detail later.

3.1. Mobile Toolkit

The data collection relies on two components, namely a plugin for the AWARE
mobile instrumentation framework discussed earlier [22, 49] and a remote-control
application on a different device. When using AWARE, researchers who want to
collect data must first create a study by using an online portal provided by AWARE.
There, researchers simply indicate which sensor data should be collected and how
frequently should a sample of each type be stored. Then, AWARE devices that join
the study will automatically be configured accordingly. However, in this case raw
sensor data is not enough, as we must also know where do the samples originate.
More specifically, we wish to know if the samples are from indoor, semi-outdoor or
outdoor environments.

To enable ground truth state collection, we implemented an AWARE plugin that
was used to accept ground truth data about environmental state (indoor/semi-
outdoor/outdoor) via Bluetooth. After startup, it simply waits in a server mode for a
Bluetooth connection to be made. To accept an inbound Bluetooth connection to the
plugin the user has to perform typical Bluetooth operations such as enabling
discovery and pairing the device with a potential connecting device.

Then, the remote labeler is used to connect to the plugin, and to relay state
transition information. The labeler features buttons for starting and stopping a data
collection session and for each possible transition between indoor, semi-outdoor and
outdoor states. Figure 1 clarifies the Remote Labelers user interface.

HNEn 10L& mn I POCE?E WD 1 BOLEw
e 18] CHIMHECTION ETATE pre () CIMHECTION ETATE e () COHHECTION ETATE
HTEC ES COBGTT GTIE1495 I,F‘-'-IRE'ISI] HTC B CABSTD
Bl TrcHFER G R G S0 i Bl A HFEREGLE
GTION9G [PAIRED) GTIOTEG [PAIRED])
G 0000 i (a4 000 P00
HTG ES CETRAD HTC ES CE1EAD

B AR ESERLE AR ESERLE

Figure 1. From left: the Remote Labeler displays all discoverable devices, the
connection is being attempted and the connection is accepted by the AWARE
plugin.
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In practice, any user wishing to collect data first creates a connection to the
AWARE plugin, pushes “start” to indicate start of data collection. Then, whenever
the user goes into a different environmental state, for example from indoor to
outdoor, she must use the Remote Labeler’s respective button to send a signal to the
AWARE plugin about state transition. The plugin then stores the transition
timestamp and labels the previously collected sensor data. Naturally, at the same
time it knows from which state is the next data batch originating from. Figure 2
further illustrates the process between the two components.

send |al ing data
e —

data rz data

remote . .
collection

control
phone

\, - J send resp -

Figure 2. Conceptual diagram of the mobile solution to collect data for analysis.
The AWARE plugin offers a minimal user interface towards the user collecting data,
as all needed interaction happens with the remote labeler. Figure 3 depicts the

plugin interface.
R .\

=  AWARE Stream H AWARE Stream { = AWARE Stream

InOut-door InQut-door InOut-door

CONNECT #Start### #Semi-Outdoor###

Figure 3. From left: the plugin has successfully received and accepted a connection
from the remote labeller, labeller sent a start notification and labeller indicated
that the device entered into a new environmental state (semi-outdoor).
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3.2. Process and Environment

Data collection took place during 2015, in Oulu, Finland. A data collection session is
called a trace, and during each trace the researcher collecting data visited all three
environmental contexts at least once. Along the traces there were a rich variety of
different surroundings such as a university campus, residential areas and rural areas
with no nearby buildings. Each trace was collected using the mobile data collection
toolkit described earlier. Figure 4 depicts examples of different areas where we
collected data traces.

=
Figure 4. Different environments where we collected data for the analysis. Top
row contains examples of indoor locations, middle row of semi-outdoor locations
and bottom row of outdoor locations.
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3.3. Results and Data Analysis

3.3.1. Collected data

We collected 10 data traces that altogether contain 52000 samples of magnetometer
data, 7250 samples of accelerometer data, 30750 samples of light intensity data and
74 records of GSM cellular data. For the data analysis purposes of this thesis, we
chose 2501 records of magnetometer data, 1300 records of accelerometer data, 1349
records of light intensity data and 25 records of GSM signal strength samples. These
were chosen as they belong to specific traces that help best analyse changes in the
environmental context.

3.3.2. Magnetometer analysis

In our analysis, we notice that magnetic field exhibits distinct patterns in different
environments. In indoor area, for example, geomagnetic field is often disturbed by
electric appliances and steel structures [50, 45]. Figure 5 plots the magnetic intensity
during a data collection session where the researcher visited all environmental
categories: indoor, semi-outdoor and outdoor. Specifically, in this scenario, a
researcher holding a SAMSUNG GT19195 smart phone departs from a research
laboratory to visit several semi-outdoor and outdoor spaces before finally arriving
back to the laboratory. From the graph, we can see that in indoor areas the magnetic
intensity varies more than that it does in semi-outdoor and outdoor areas. For
instance, in the laboratory, from 90 seconds to 200 seconds, the intensity of magnetic
field varies from about 0.15 to around 1.1 gauss; while from 220 seconds to 400
seconds, when in semi-outdoor and outdoor area, the intensity of magnetic field
varies approximately from 0.6 to 0.85 gauss. The magnetic intensity variation in
laboratory is approximately 0.95 gauss while that in semi-outdoor and outdoor is
0.25 gauss.

When the device is not moving and is indoor, the magnetic intensity does not show
much variance. Further, in different places indoor, the magnetic field variation
exhibits distinct patterns. For instance, in the laboratory, the magnetic field varies
more dramatically than that does in normal buildings. The reason for this is that in
laboratory there are several electric appliances that generate powerful
electromagnetic fields that disturb the magnetic field.

Given the visual analysis based on the plotted magnetometer data, we find that it is
possible to attempt distinguishing between the three environmental states simply by
measuring and making a decision based on the magnetic field variation.
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Figure 5. Magnetic field intensity plotted during one collected trace.

3.3.3. Light sensor analysis

Ambient light data is particularly challenging, as it is affected by several factors,
such as weather, hour of day, seasons of year, artificial light sources, etc. First, we
study outdoor light intensity in different situations (seasons, weather conditions, etc.).
Figure 6 depicts light intensity during a data collection session. More specifically,
during the depicted session the phone used for data collection was rotated towards
different light sources. From 0 to 86 seconds, in indoor environment, the light
intensity keeps below 10 Lux. From 86 seconds to 128 seconds, excluding the period
when device is in pocket, in semi-outdoor environment, the light intensity is
approximately from 10 to 70 Lux. In indoor environment the light intensity is above
100 Lux, ranging from 100 to 500 Lux. Only when in the interval from semi-outdoor
to indoor area, the light intensity may appears to be lower than 100 Lux. Thus
generally we conclude that light intensity outdoor is significantly higher than that in
semi-outdoor environment where, however, the light intensity is still higher than in
indoor environment. The reason behind this is because the natural sunlight intensity
within visible spectrum is significantly higher than artificial light intensity[27].

Also it can be noticed that when the device is in pocket, light intensity decreases to
near zero. Therefore, it is hard to infer indoor/outdoor/semi-outdoor environment
when light intensity is very low, given that such situation may happen in any of these
3 environments.
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Light Intensity
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Figure 6. Light intensity collected during one data collection session.

In addition, we show how light intensity varies between seasons. Figure 7 plots light
intensity during winter and summer in Oulu, Finland (sunny summer in picture 5 in
Figure 4 and cloudy winter in picture 9 in Figure 4). We notice that light intensity on
a cloudy winter day is significantly weaker than during a sunny summer day in Oulu.
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Figure 7. Outdoor Light Intensity in different environmental settings

To recap, light sensor seems highly useful in inferring indoor/semi-outdoor states, as
in most cases outdoor light intensity is remarkably higher than indoor light intensity.
However, if the intensity is low, it becomes hard to make any decisions of the
context, as the low reading could be caused by the device being in a pocket, bag, etc.
in any environment.
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3.3.4. Cellular network analysis

To study the utility of GSM signal strength for environmental state detection we
collected data from several different environments such as campus (semi-outdoor),
corridors (semi-outdoor), playgrounds (outdoor), basketball courts (outdoor), offices
(indoor) and laboratory premises(indoor). The absolute value of GSM strength in
each environment does not have a general range and hence single GSM strength does
not contribute to the detection of indoor/outdoor environment. Figure 8 illustrates
this finding. When the environment abruptly (despite still being in the same
indoor/outdoor context) changes, the cellular signal strength varies significantly as
well [27]. The changes in signal strength in Figure 8 indicate such environment
transitions. Still, the actual strength reading varies too much in different
environments to be used as an indicator for indoor/outdoor contexts in our
environment (Oulu, Finland).

Figure 8. GSM signal strength in different environments.

3.3.5. Accelerometer analysis

Accelerometer measures the device’s acceleration in 3 different physical dimensions
(x, y, z axis). Here we note that Android’s accelerometer includes the force of gravity.
Figure 9 plots device acceleration (the joint acceleration generated from all the 3
dimensions) when the phone is idle and when the researcher is walking. Using
accelerometer data alone it is impossible to infer environmental indoor/outdoor state,
but it can, in theory, be used to make a more sophisticated guess when combined
with other data sources. For example, when it is bad weather, it can be assumed that
in general people do not stay still outside but are inside when not moving. Thus,
accelerometer data may come handy in making a better overall decision about such
states. Further, only when the phone is moving, magnetometer data becomes useable
for environmental state inference, and thus accelerometer data can be used to define
when magnetometer data should be used or not.
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Figure 9: Acceleration value when first standing still and then walking.

3.4. Design Implications

The presented analysis informs the design of our own solution that is presented in the
next chapter. First, we choose to use acceleration in combination with magnetometer
data, as described earlier. When the phone is detected as moving, then we use
variance of the magnetic field to infer indoor/outdoor state. For the accelerometer,
we define so that if acceleration exceeds 11 m/s? or below 9 m/s?> the phone is
considered as moving.

Second, when light intensity is stronger than 100 Lux, we decide that the device is
outdoor. The reason for this threshold (100 Lux) is that a clear majority of indoor
and semi-outdoor data samples in our analysed light data are well below 100 Lux.
Further, by observing the collected data we set 50 Lux as a threshold to differentiate
semi-outdoor and indoor state. Anything below 50 Lux is considered as indoor or in
pocket and anything above (or exactly) 50 Lux is considered to be semi-outdoor.
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4. CONTEXTIO

Based on the design implications and other findings presented earlier we
implemented a mobile application called ContextlO to enable real time
indoor/outdoor classification on Android devices. ContextlO’s key difference to
related work is a different operational environment (northern city of Oulu, in
Finland) and use of sensors that even as combined consume only very little energy.

4.1. System Overview

ContextlO uses only onboard sensors that most off-the-shelf smartphones have in
2016. The application consists of two conceptual main components that each use a
combination of two input sensors. We denote the two components as Magnetism
Instrument and Light Instrument (see Figure 10).

ConetxtlO
Accelerometer > Magnetism
Instrument
Magnetometer _
Light Sensor . Light
Instrument
Clock >

Figure 10. ContextIO conceptual diagram.

Magnetism Instrument uses a combination of accelerometer and magnetometer to
detect the variation of magnetic intensity when mobile device is moving. In order to
use magnetometer data, the accelerometer has to first detect the device as moving by
using the thresholds defined earlier in section 3.4. Light Instrument, on the other
hand, uses the onboard clock and light sensors to detect the time and measure the
current light intensity. Clock is used, because only during daytime we can fully rely
on light intensity as the state indicator. During night time, and especially during
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winter nights, light intensity is not very useable for state inference, as illustrated

earlier in the data analysis. Figure 11 depicts the main user interface of ContextlO.
QB G T d100% W 7:43 AM

ContextlO

Your Status:
Indoor

Figure 11. ContextIO user interface.

ContextlO uses magnetic field variance to detect between indoor and
outdoor/semi-outdoor while light instruments are able to detect the outdoor and
semi-outdoor. So Context/O just uses magnetism to infer the state first, if the state
is outdoor/semi-outdoor then using light instrument, it is possible to differentiate
outdoor/semi-outdoor if current time is daytime. However, if the magnetism
instrument has already detected that environment state is outdoor then there is no
need to use light instrument anymore. The detection flow is shown in Figure 12.
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Clock shows
it is daytime.

Acceleration shows
device is moving?
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Light Intensity
shows state is
Outdoor?

Magnetic intensity
variation shows
state is indoor?

Figure 12. ContextIO state detection flow

4.2. ContextIO Accuracy

We have not systematically evaluated the final accuracy of ContextlO. However, we
have completed several informative semi-formal test walks with the application in
the same approximate context where the data was collected, and confirmed the
accuracy to be approximately 60%. Give we are attempting to recognize between
three states in a challenging environment, this is considered satisfactory at the



23

moment. There exist several means to achieve higher accuracy (some are mentioned
later in future work section), but we must also consider energy efficiency. Our
solution, in theory, can achieve very low energy expenditure, given the sensors used.
Further, as several related works have also noted, no solution generalizes flawlessly
to other conditions. So, while we fully acknowledge the lack of formal accuracy
evaluation, we also wish to highlight that such evaluations are almost without an
exception bound to very specific conditions and therefore make it hard to compare
between solutions in the first place.
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5. DISCUSSION

5. 1. Energy Efficient and Unobtrusive Environmental State Detection

Several other techniques can be used to detect a device’s environmental state. In
related work, we discussed some of the most relevant ones to the thesis, and for
example image processing and RFID-based solutions certainly compete well with
our solution. However, such solutions require the user to do something, such as touch
a tag or take a picture. We contribute a completely unobtrusive mechanism that can
silently sense the state using onboard sensors and without requiring any extra effort
from the user.

GPS and different types of fingerprint databases are other common solutions to
state detection. However, for our purposes GPS is far from optimal for several
reasons. First, the GPS receiver is very energy-intensive to use on mobile phones
[32]. Second, the signal behaves very erratically in city centers and close to e.g.
windows and open doors, making state inference challenging [31]. Fingerprint
databases, on the other hand, require extensive data collection effort and a constant
connection to the database to be kept open. Again, this is not very energy efficient
and requires a lot of setup work to be performed.

5.2. Challenges and Future Work

Using mobile sensing to detect indoor/outdoor contexts is a topical research question
with several acknowledged challenges. Similar to IODetector [27], our solutions
suffers from the so called “adaptation problem”, because we use manually hard-
coded thresholds in the data for determining the context. Thus, the solution most
likely will not generalise well to other specific locations and environments.

Our ongoing work considers machine learning to improve detection accuracy as
well as to make the detection more sophisticated and adaptive to other environments.
We have started exploring different machine learning models by using Weka [51].
Unlike in most previous works (e.g. [31, 46]), we aim to design a hybrid model
where machine learning is used only for certain sensors and others, such as
accelerometer, can still rely on manual thresholds. This simplifies the system as well
as reduces energy expenditure. Our initial results are promising, and especially
Random Trees seem to perform well with our approach.

Finally, we acknowledge limitations in our work. The data analysis is limited in
scope, as 10 traces (and the analysed ones) certainly do not capture all the
complexities involved in an authentic environment where people daily use their
devices. However, we were able to analyse a sufficient set of realistic state
transitions to clearly demonstrate how the sensors can be used in conjunction to infer
states. Second, the analysis is not relying on acknowledge statistical methods, but is
more a visual one. However, the differences in the plots are seemingly visible, and
the thresholds defined clearly worked in determining the state when implemented in
ContextIO.
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5.3. Fulfilling the Objective and Answering Research Questions

The objective of this thesis was to create an Android application capable of detecting
indoor/outdoor state of the device. ContextIO successfully does this, and its design is
based on a data analysis concerning several sensors that can be in theory used for
detecting such environmental states. To answer the first research question, we
identified and tested several sensors available on modern Android phones that could
be used to facilitate environmental state detection. Regards the second research
question about the specific factors that influence the accuracy of the sensors, we
identified the environment’s effect on magnetometer data. Further, the effect of
season and day of time must be taken into consideration when using light intensity
for state detection.
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6. CONCLUSION

This thesis focuses on modern mobile sensing means for detecting indoor/outdoor
environmental states. First, we researched various techniques that have been used for
such state detection, and chose the adequate ones to be explored more. More
specifically, we chose to explore magnetometer, light sensor, cellular signal, and
accelerometer, as all of them are relatively lightweight in terms of energy
expenditure and most of them can be sensed using off-the-shelf smartphones.

Second, we developed a toolkit to collect data with the aforementioned sensors.
The toolkit consists of 2 software components: 1) an AWARE plugin to facilitate
data collection and ground truth labelling and 2) a remote labeller application to
indicate ground truth states to the plugin.

We then analysed the collected data, and chose a set of sensors and manual
thresholds that can together be used to infer indoor/outdoor states. Our findings show
that when a smartphone is moving, magnetic intensity variation exhibits distinct
patterns in indoor and outdoor and semi-outdoor states. Light sensors also have
different range of variation in each of the 3 states. However, in our environment
GSM data did not turn out very useful.

The, we developed a mobile solution, ContextlO, that relies on the findings of data
analysis. Overall, ContextlO contributes to work on mobile environmental state
detection by a lightweight, energy efficient mobile application and the accompanying
data analysis presented in this thesis. Further, the approach of using a remote data
labeller to indicate ground truth states is a novel and generalizable concept that can
be used to e.g. collect natural light sensor data, as the collecting phone can be in a
pocket or a bag. We hope our work to be inspirational in the context of mobile data
sensing and especially for detecting different environmental states.
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