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Abstract
The ubiquity of mobile devices (such as smartphones and tablets) has encouraged the
development of pervasive personal navigation system (PNS) which is working in different
situations and movements of a user. PNSs can provide customized navigation services in
different contexts – where context is related to the user’s activity (e.g. walking mode) and the
device orientation and placement. Context-aware systems are concerned with the following
challenges which are addressed in this research: context acquisition, context abstraction and
understanding, and context-aware application adaptation. The proposed context-aware PNS
approach is using low-cost multi-sensor data in a multi-level sensor fusion scheme to improve
the accuracy and robustness of context-aware navigation system. The Experimental results
demonstrate the capabilities of the developed context-aware PNS for outdoor pedestrian
navigation.
Context acquisition follows a feature-level recognition approach which includes preprocessing,
feature detection, feature selection and classification step. The appropriate set of sensors and
features is carefully selected to perform real-time and accurate activity recognition. Moreover,
performance of different classification techniques is evaluated for context-detection in PNS.
After context acquisition, an appropriate context reasoning technique is applied to investigate
integrating contexts from different sources, and finding the most accurate context. The context
reasoning technique uses a fuzzy decision-level fusion algorithm to reason about the high-level
context information. This method improves efficiency of context detection algorithm by applying
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fuzzy decision rules. These rules are acquired from various sources of information such as
historical context data, expert knowledge, user preferences and constraints.
Finally, a context-aware positioning approach is developed to estimate pedestrian navigation
parameters using a sensor-level fusion algorithm. In the first navigation scenario which is
context-aware pedestrian dead reckoning (PDR), the performance of the PNS is improved 23%
using context-aware step detection and heading alignment. In the second scenario which is
vision-aided GPS navigation, position information provided by GPS is integrated with visual
sensor measurements using a Kalman filter. The visual sensor measurement includes relative
user’s motion (changes of velocity and heading angle) which needs device placement context
information. The vision-aided GPS navigation outperforms GPS solution accuracy by 43%.
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CHAPTER ONE: Introduction
Location-based service (LBS) is a recent concept which adds geographic location information to
general services such as emergency or tourist services (Schiller & Voisard, 2004). LBS were first
applied in tracking fleet, people and animals (Bellavista, et al., 2008) and then by the emergence
of geographic information system (GIS) and mobile devices equipped with global positioning
system (GPS), LBS has been used for portable car navigation systems (Junglas & Watson, 2008).
Eventually, LBS technological advances ignited the idea of personal navigation systems (PNSs).
PNS includes positioning capability and navigation functions to provide location, and turn-byturn directions on the map using portable devices for individuals. There are a number of potential
applications for the personal navigation technology, both military and civilian. One of the main
applications is to tracking people that is used for security agencies. Also, tracking a team of
emergency fellows or soldiers in a tactical situation improves the overall situational awareness
and increases the likelihood of a successful mission outcome. In addition, the coordination of
emergency rescue operations gets benefit from the development of a personal navigation
capability to effectively direct the services to the location of those in need. Another potential
application for a PNS is to assist the vision impaired people for routing and guidance. Moreover,
PNS is a helpful tool for the tourists and those who are visiting a new place. Another area to
benefit from PNS is control engineering of robots.
Due to the rapid developments in wireless communications and mobile computing, portable
devices such as smartphones, tablets, and personal digital assistants (PDAs) are becoming
popular (Raychaudhuri & Mandayam, 2012). As a result of this development, PNS are
increasingly becoming more popular and one of typical features on mobile devices (Rehrl, et al.,
1

2010). The latest generation of PNS have sophisticated navigation functions including real-time
traffic and weather updates and multi-media interfaces such as voice guidance. PNSs make up
one of the largest consumer markets for GPS enabled devices (Gilroy, 2009).
As the users carry the mobile devices almost anywhere and at any time, PNSs have received
attention from mobile computing communities (Mokbel & Levandoski, 2009).Recent popularity
of PNS on mobile devices highlights the necessity of designing a continuous and user-friendly
navigation application. Therefore, the current challenge in PNS is to design a ubiquitous, realtime navigation service which is adaptable to user’s modes as in walking or riding in a vehicle.
In designing current generation of navigation services, the following matters are of utmost
importance (Bellavista, et al., 2008; Rehrl, et al., 2010):


Developing ubiquitous and continuous navigation techniques for both indoor and
outdoor environments



Providing adaptive and personalized navigation services



Designing a 3D (3 Dimensional) interactive navigation interface as a trend for future
navigation services

This research focuses on two important topics of PNS which are ubiquitous positioning and
adaptive navigation services. The first topic is dealing with different positioning techniques in
outdoor and indoor environments. Position estimation in outdoor environments is mainly based
on global navigation satellite systems (GNSS); however, it is a challenging task in indoor or
urban canyon, especially when GNSS signals are unavailable or degraded due to the multipath
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effect. In such cases, usually other navigation sensors and solutions are applied for pedestrians.
The first alternative is wireless sensors, such as Wi-Fi1, Bluetooth, RFID2 (Radio Frequency
IDentification). These systems have limited availability and need a pre-installed infrastructure
that restricts their applicability. The second navigation system is pedestrian dead reckoning
(PDR) using IMU (Inertial Measurement Unit) sensors. PDR algorithm computes the relative
location by measurement of orientation and travelled distance from a known start position. In
PNS, the distance and orientation information can be measured with a MEMS (Micro-ElectroMechanical System) gyroscope and accelerometer sensor. The main drawback of PDR is that the
position estimation technique is based on previous states of the system; therefore, after a short
period of time, low-cost MEMS sensors measurements typically result in large cumulative drift
errors unless these errors are bounded by measurements from other systems (Aggarwal et al.,
2010). Another solution is the vision-based navigation using video camera sensors. These
systems are based on two main strategies: estimation of absolute position information using a
priori formed databases which highly depends on the availability of image database for that area
(Zhang & Kosecka, 2006) and estimating relative position information using the motion of
camera calculated from consecutive images which suffers from cumulative drift errors
(Ruotsalainen, et al., 2011). Since, there is not a single comprehensive sensor for indoor
navigation, it is necessary to integrate the measurements from different sensors to improve the
position information.

1

Wi-Fi (Wireless Fidelity) is a trademark which describes connectivity technologies including wireless local area
network (WLAN) based on the IEEE 802.11 standards. Using Wi-Fi access points, various positioning techniques
have been developed for indoor environments (Cypriani, et al., 2011)
2
RFID is a technology that uses electromagnetic waves to exchange data between a terminal and an object such as a
mobile device for the purpose of identification and tracking
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Furthermore, context-aware and adaptive computing assists delivering of pervasive navigation
services (Yang, et al., 2010; Choi, et al., 2007). Context-aware research is an emerging research
topic in the area of pervasive navigation. The phrase “user context” is considered as any kind of
information which is related to the interaction between user and computer program such as user
activity, location, time, computing and physical environment (Meng, et al., 2009). Context-aware
systems take into account contextual information in order to adapt their operations to the current
context without explicit user intervention. Such contexts provide useful information in PNSs by
offering context-specific services. The first step in accomplishing context-aware mobile
navigation services is to detect user context by integrating embedded motion and location
sensors. The proposed system in this study identifies the three main contexts in navigation
applications namely activity, location and time. Then, a sensor fusion algorithm is developed to
detect user activity and situation of device in specific time and location. Finally, personal
navigation application such as PDR and vision-aided navigation are customized using the
context-aware algorithms.
1.1 Research Motivations
The user’s mobility necessitates an adaptive behavior according to changing circumstances such
as in-vehicle or on walk modes (Rehrl, et al., 2007; Bellavista, et al., 2008; Lee & Gerla, 2010).
For example, if a user is walking in an indoor environment such as a mall, a context-aware
system can provide the appropriate navigation solution for indoor and walking mode as well as
loading the floor plan of mall building for a more accurate map matching and routing.
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On the other hand, unlike other navigation systems, a mobile device is not held in a fixed
position and can spontaneously move with the user. Human movements make the pedestrian
navigation a challenging task which is different from other navigation platforms in a number of
ways. The personal navigation includes frequent changes of speed, orientation and position that
cannot be constrained to predefined paths (i.e. roads) as in a car navigation system. Hence,
having information about speed, orientation and position of the device is necessary for various
aspects of personal mobile navigation services. To conclude, the main motivations encouraging
the addition of context information to mobile computation are as follows:


PNS requires an adaptive behavior according to the changing the device position,
orientation, user activity and environments.



With the advances in sensors technologies on smartphones, it is feasible to collect a vast
amount of information about the user and environment in an automatic way. Converting
the raw sensors data to useful context information can improve service productivity and
usability.



Providing an adaptable service significantly reduces the computation cost in regards to
limitations of mobile devices (such as computing power, battery budget and displaying
capabilities)

1.2 Research Problems
Human movements and mobile device limitations make the pedestrian navigation a challenging
topic which differs from other navigation platforms such as car navigation. The research work of

5

the MMSS3 group at the University of Calgary on the integration of GPS and IMU for pedestrian
navigation indicates that sensors' placement impacts the positioning solutions (Zhao, et al., 2010;
Saeedi, et al., 2011). Therefore, PNS requires extra information about the user and device status.
In other word, when the mobile device is being carried by the user, the accelerometers and
gyroscopes reflect the additional dynamics that are not related to the actual displacement in
navigation frame and are caused by body movements. Consequently, the navigation output of an
inertial sensor carried by a user, depends on where it is placed, its orientation relative to the user,
and user’s posture and activity which are elements of user context. This triggered the idea of
employing user context information for pedestrian navigation. Therefore, it is expected that such
contextual information can be efficiently used in navigation by incorporating the orientation of
the device in the position determination algorithms or refining useful signals from noise when
the device has extra dynamics (Zhao, et al., 2010). Other than navigation solutions, user’s
context information is useful for various aspects of navigation services. As an example,
navigation services can switch to different navigation algorithms for different user activities such
as driving or walking (Syed, 2009); or, the map representation can be changed respectively
(Asai, et al., 2002). In order to apply context effectively, this thesis is concerned with the
following research questions:
a) What are the useful context data for pedestrian navigation applications?
b) What type of data can be used for reliable context detection in mobile devices?

3

MMSS (Mobile Multi Sensor System) is a research group in university of Calgary that work on personal
navigation systems
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c) How to evaluate the accuracy and usefulness of the context information?
d) How can the detected context data be used in various adapted navigation applications?
In the next chapters of this study, different techniques are used to answer these research
questions and to present a novel methodology for context-aware PNSs.
1.3 Research Objectives
A context-aware system is concerned with the context detection, context abstraction, as well as
adaptation of application behaviour based on the recognized context. In Figure 1.1, simplistic
vision of a context-aware PNS stem is shown.

Hard sensor
GPS
Accelerome
Gyroscope
ter
Camera
Magnetom
eter
Soft sensor
Orientation
sensor

Sensor Layer

Context Reasoning
Engine

Context Recognition

Classification

Context
Database

Preprocessing

Rule
Databas
e

PDR
Navigation
Vision-Based
Navigation

Context Broker
Preprocessing

Context Recognition Layer

Context Reasoning Layer

Application layer

Figure 1.1: Schematic diagram of the context-aware navigation services architecture
The main goal of this research is to design and develop a context-aware system that recognizes
user activity and device position based on fusion of embedded sensors on a pedestrian navigation
device such as a smartphone. This goal can be further decomposed into four objectives as
mentioned below:
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Objective (a): Sensor Investigation – The most important component of a context-aware
system is defining the set of the sensors and their requirements to sense the physical
environment comprehensively and detect the appropriate context accurately. In this
research low-cost sensor embedded in portable systems (e.g. smartphone’s gyroscope and
accelerometer) is used for motion detection. The fundamental issues that must be
considered while dealing with low-cost and multi sensor systems are sensor calibration,
and alignment. The performance investigation of sensors embedded on a smartphone has
been addressed to answer these questions:
o Which combination of the sensors is most suitable for navigation context
detection?
o How accurately that combination of sensors can estimate the navigation
context?



Objective (b): Context Recognition – Since the focus of this research is recognition of the
user’s activities and device location contexts, identification of an accurate activity
recognition algorithm is necessary to integrate multi-sensor data. Therefore, an activities
recognition toolbox has been developed for integrating various sensors data in order to
achieve feature-level sensor fusion. This study investigated various extracted features and
different machine learning algorithms to answer these questions: Considering the
experimental tests in this research,
o What is the optimum set of features to keep the main characteristics of the
sensor signals?
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o What are the most accurate classification technique and learning model to
recognize the user’s activities?


Objective (c): Context Reasoning – The next step to develop a prototype for contextaware applications is to incorporating other sources of information with primary context
data (e.g. time, location and physical activity of the use) and then, to infer high-level
context (e.g. detecting indoor or outdoor environment) which is useful for navigation
applications. To aggregate context data, association rules between historical activities and
their respective sensor values is detected; such rules provide learning capability for the
system by adding a new source of information which in turn improves system reliability
and robustness. Subsequently, a rule-based reasoning engine is developed to aggregate
context from various sources and removes their conflicts. In this regard, the following
issue needs to be resolved:
o How can the higher-lever context information be inferred from associating
primary contexts and other information sources?
o What is the proper reasoning method that can remove the conflicts between
heterogeneous sources of context information and integrate similar contexts
with different levels of uncertainty?



Objective (d): Context-aware Navigation Scenarios – The final objective of this research
is using the detected contexts in a navigation system to enhance the personal navigation
experience. This will be accomplished by customizing the navigation services based on
the users’ context. By assessment of the system's real time capabilities using a number of
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pedestrian navigation scenarios and applications, the main practical issues of this study is
examined:
o How can the detected context be used in various applications such as adaptive
navigation computing, customized navigation solution and algorithms?
1.4 Chapter Overview
This thesis covers the issues dealing with design and implementation of a context-aware PNS in
six chapters. Chapter 1 defines the research problems, motivations and a brief introduction along
with the main objectives of the conducted research.
Chapter 2 begins with an overview of multi-level fusion technique and how it has been applied in
this research. Then, the context-aware system architectures and components of the designed
system are described based on three modules: context-detection, context-reasoning and
application. Implementation details of each layer are followed in next chapters respectively.
The necessary background information and detailed literature review related to the activity
context recognition methodologies is comprehensively covered in Chapter 3. The main purpose
of this chapter is to recognize what is the physical movement of the user and where the device is
located with respect to the user’s body. This chapter criticized the strengths and weaknesses of
similar methodologies and discussed the possible improvement to the previous systems to
recognize the user’s activities using a feature-level fusion algorithm. Chapter 3 includes an
overview of equipment and sensors utilized, as well as the pre-processing and calibration
methodologies. After sensor calibration and pre-processing, the user activity and device location
context recognition algorithm is discussed. More specifically, a feature-based machine learning
10

algorithm utilizes known reference dataset of all movement’s patterns to be learned. After that
each new pattern can be classified using the learning model.
However, there is another issue that requires attention for a context-aware system. The matching
context for each application should be selected by considering the uncertainty of the recognized
user’s activity, integration of other context information sources and elimination of context
conflicts. Chapter 4 investigates issues related to the context reasoning, integrating different
contexts and finding the most matching context information for each navigation application.
Chapter 5 focuses on the application layer related to implementation details of context-aware
navigation solutions. This chapter shows the results of using detected context in different
navigation scenarios including integrated pedestrian dead reckoning navigation as well as
integrated vision aided navigation using real datasets.
Finally, chapter 6 concludes the research novel contribution, results and the objectives that have
been discussed in detail in previous chapters. Strengths and weaknesses of the implemented
context-aware navigation system are also mentioned in this chapter. Lastly, recommendations are
made pertaining to future research. Figure 1.2 shows the thesis outline and classifications of each
topic and corresponding objectives from section 1.3.
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Figure 1.2: Thesis chapter flow-graph with the corresponding thesis objectives
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CHAPTER TWO: Context-Aware Pedestrian Navigation System
To deliver ubiquitous pedestrian navigation services at the right time, to the right user and in an
appropriate way, not only technical issues such as positioning capabilities and processing power
have to be taken into account, but also the user’s activities and environments context should be
considered. Providing customized navigation services requires context-aware strategies (Mokbel
& Levandoski, 2009). State of the art of context-aware PNS describes that designing a contextaware system is a quite challenging topic (Pei, et al., 2010; Yang, et al., 2010; Brezm, et al.,
2009; Kwapisz, et al., 2010). In order to achieve a context-aware navigation system, two basic
questions must be answered: what type of context is important and how it can be extracted using
mobile sensors? These issues are discussed in sections 2.1 and 2.2 correspondingly. Another
important issue dealing with a context-aware mobile navigation service is the context-aware
system architecture and modeling. This topic is discussed in section 2.3.
2.1 Context Information in Pedestrian Navigation
In order to effectively use context information, a clear understanding about context and how it
can be used in navigation services is very important. Although context and context-awareness
have been studied in many research areas such as artificial intelligence, human-computer
interaction, and ubiquitous computing (Dockorn, 2003; Mendoza, 2003), there is not a consensus
on the definition of the context. Since the context information changes from situation to
situation, many researchers have attempted to define context by enumerating different examples
of context. Schilit and Theimer (1994), who first introduced the term “context” and “contextawareness”, have categorized context as location, identities of nearby people and objects, and
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changes to those objects. However, context may refer to any piece of information that can be
used to characterize the situation of an entity, relevant to the interaction between a user and an
application (Dey, 2001). While location information is by far the most frequently used attribute
of context, attempts to use other context information such as user activity have increased over the
last few years (Baldauf, et al., 2007). Developing context-aware PNS faces two important
questions: firstly, what type of contexts can be detected using embedded sensors on a mobile
device? secondly, which context information is useful in navigation services?
Table 2.1: The context information detectable using contemporary smartphone sensors
TypeofContext

HardwareSensors

Time

GPS time on the device or synchronization with the network

Location

Outdoor: GPS, IMU, PDR, Cellular Positioning, Magnetometer, etc.
Indoor: Wi-Fi, Bluetooth, PDR, IMU, etc.

Motion

Camera, Accelerometer, Gyroscope, Magnetometer

Visual

CMOS and CCD cameras

Audio

Microphones

Light

Photodiodes, Color sensors, etc.

Touch

Proximity and screen-touch sensors implemented in mobile devices

Temperature

Thermometer

Pressure

Barometer

To answer the first question, smartphones have been considered as a mobile devices context
providers. By using smartphones’ embedded sensors, detection of various contexts is feasible.
For example, most of the smartphones (e.g. Samsung, Nokia, iPhone) are equipped with tri-axial
built-in accelerometer and gyroscope which can also act as motion detectors. They are used in
game applications and also for resizing/rotating the display from portrait to landscape (and vice
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versa). Table 2.1 lists some of the context information and their respective sensors. These
sensors are the most common sensors available in today’s smartphones.
After demonstrating the available context information in mobile devices, the second question is:
which useful contexts can be employed in navigation services? The primary contexts relevant to
the navigation services in a mobile device can be divided into three categories: Time, location,
and activity. Figure 2.1 depicts those important navigation-relevant contexts which are
considered in this research.
Time of a day/week/month
weekend and holidays
user schedule or calendar, etc.
Indoor, outdoor , closeness to
the point of interests, etc.

Activity
Context

Device status (In hand,
bag, belt, etc.)
User’s motion (walking,
running, driving, etc.)

Figure 2.1: Useful contextual information in PNSs for portable navigation devices
In ubiquitous systems, time and location are two fundamental dimensions of computation which
have been discussed in various studies (Choujaa & Dulay, 2008). In contrast, detecting the
activity of the user is still an open topic in context-aware systems. This study attempts to detect
the “activity” context while considering the two other basic contexts, time and location.
In navigation services, user’s activities generally focus on two questions: “what the user is doing
using the device” and “where the device is located with respect to the user”. In this thesis, the
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term “activity” context in navigation services is frequently used as a general term for both the
posture of the device as well as activity of the user. The posture and status of a device refers to
the position of the mobile device with respect to the user; and the user activity or user motion,
refers to a sequence of motion patterns usually executed by a single person and at least lasting
for a short duration of time, on the order of several seconds. Examples of device statuses are in
pocket or in backpack mode; and, examples of activities include walking or running modes.
Different activities and device location contexts, considered as “activity” context in this research,
are shown in Figure 2.2.
Activity Context
in Navigation
User Activity

Stationary

Pedestrian

Device
Placement

Driving

In a pocket
Walking

In backpack

Running

On belt

In Elevator

Orientation
Landscape/
Portrait
Faceup/down

In hand bag

Using stairs

Close to ear
In hand
(Dangling)
In hand
(Texting)

Figure 2.2: Different activity contexts assumed for this research
The main challenge in context-aware PNS is detecting the appropriate context information in a
mobile device with limited recourses and sensors (Yang, et al., 2008). Since the raw data is
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collected from different sensors and in an implicit way; context-aware algorithms need sensor
fusion algorithm to aggregate various information sources and recognize useful context
information (Ravi, et al., 2005).
2.2 Context Detection Using Multi-level Sensor Fusion
One of the main aims of this research is to detect navigation-related context information. As
mentioned in the previous section, relevant context information in navigation includes time,
location and activity. Time context is usually available through the time output of GPS receiver
embedded on the device. Therefore, the following sections focus on location determination and
activity recognition. In this research, the proposed context detection approach is using multi
sensor data in a multi-level sensor fusion scheme. Multi-sensor fusion is the process of
combining evidence from different sensors as well as information sources. Fusion algorithms
deal with the synergistic combination of information made available by various knowledge
sources such as sensors, to provide a better judgment (Samadzadeagan & Saeedi, 2005). Fused
information is richer than data obtained from a single source. The fusion process is well
illustrated in the way our brain fuses environment data from body’s sensory systems (e.g. eye,
ear, skin) to achieve the knowledge about surrounding environment. Information gathered by a
single source can be very limited and may not be fully reliable, accurate and complete; in this
research, multi-sensor fusion concept is used to improve the accuracy and robustness of context
aware navigation system.
One of the important issues concerning information fusion is to determine how this information
can be integrated to produce more accurate outcomes. Depending on the stage at which fusion
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takes place, it is often divided into three categories: sensor level, feature level and decision level
(Samadzadeagan & Saeedi, 2005). In sensor or low-level fusion, the integration techniques
works directly on the raw data and measurements obtained from the sensors. Feature or medianlevel fusion works on the extracted features which are available from different sources of
information. Decision or high-level fusion techniques takes place at the decisions and
interpretations from different knowledge sources knowledge. Figure 2.3 shows a multi-level

Information/Features
Input

Feature level

Raw sensor data
Input

Sensor level

Accuracy/ Simplicity/ Sensor Dependency

Various sources of knowledge & Decision
information
level
Input

Robustness/Computations/Problem dependency

sensor fusion pyramid along with the input of each level.

Figure 2.3: Multi-level sensor fusion pyramid
The choice of a suitable fusion level depends on the type of information and applications. The
comparison of fusion techniques in different levels has been listed in Table 2.2. Feature-level
fusion is the proper level when the features extracted from different sensors are appropriately
associated with the decision. When information sources are naturally diverse, decision-level
fusion is more suitable and computationally efficient. As there is no simple rule for selecting the
proper fusion technique, a wide range of techniques are potentially applicable. In this research,
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different techniques and models are used for fusion in different levels. Sensor level fusion is used
in location determination; feature level fusion is illustrated in activity recognition; and decision
level fusion is applied for context reasoning to infer the context information. The application of
the fusion approaches show success with techniques ranging from probabilistic theory and
evidential reasoning theory to fuzzy and expert systems.
Table 2.2: Comparison of multi-level sensor fusion algorithm
Disadvantages

ApplicationExamples

Simple and real-time

Sensor dependent

Problem independent

Sensitivity to noise

Accuracy improvement

and sensor alignment

Location determination using
Kalman Filter (KF), Particle
Filter (PF), etc.

Feature Sensor
level
level

Advantages

Less sensitivity to sensor
aspects

Decision
Level

Fusion
Level

Dealing with any type of
Information (sensors,
rules, human knowledge)

Complex feature
extraction,
and features
selection

Activity recognition using
Support Vector Machine (SVM),
Artificial Neural Networks
(ANN), etc.

Specific solution for
specific problem

Context reasoning using Fuzzy
reasoning, Bayesian theory, etc.

2.2.1 Activity Recognition Using Feature-Level Fusion
Data fusion in feature level is performed using the extracted features from each sensor instead of
the raw sensor data. Since the feature set contains richer information about the raw data,
integration at this level is expected to provide better recognition results. As the fusion does not
take place at the sensor level, the scalability and sensor independency is increased, however, it
requires transforming sensor data to the meaningful and independent feature space. Figure 2.4
demonstrates the procedure of feature level fusion which involves different sensors.
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Wavelet
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Activity
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Figure 2.4: Activity recognition procedure using feature level fusion
As it can be seen in the above figure, this procedure includes two main computation steps:
feature extraction and fusion algorithms. Fusion algorithms in this level are mainly classification
techniques used to recognise the activity patterns. As shown in the above figure, context-aware
module has a useful feedback for feature extraction technique. It can provide information such as
the set of features which show better performance with a specific classification method, or
finding the useful sensor data to recognize a special activity.
The state of the art of useful techniques in activity recognition is discussed in section 3.1 of
chapter 3, in detail. With the help of activity recognition, researchers are capable of providing
various personalized support for different applications. The research community tends to use
mobile devices as an applicable sensor because they do not require any additional equipment for
data collection and accurate recognition. Most of the smartphones are now equipped with motion
detection technology, either by including a small accelerometer or using the built-in camera.
Such solutions are convenient for multi-sensor measurements, but their range of applicability is
limited by the single sensors. Although there is a wide variety of research in activity recognition;
limited studies use sensor fusion algorithm for multi-sensor activity recognition (Kwapisz, et al.,
2010; Pei, et al., 2010; Yang, 2009). Inspired from activity recognition researches, both
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accelerometer and gyroscope sensors are used in this research to consider both motion and
orientation of the device (Zhao, et al., 2010). As far as the candidate knows, this research was
one of the first work to explore the feasibility of recognition of user activity and device
orientation using integration of both accelerometer and gyroscope sensors.
2.2.2 Context Reasoning Using Decision-Level Fusion
Context reasoning is required to handle the uncertainty of the recognized activities, remove the
conflicts, preserves consistency of detected context, fill the gaps, and fuse various sources of
information (Saeedi, et al., 2010). The relationship between time, location and user activity as
well as correlation between user’s motion and orientation of the device motivate the mining of
association rules between them. Combining these association rules using a decision-level fusion
algorithm may generate better understanding of the current situation (Yang, et al., 2010). For
example, knowing the current location and time, the system will have a pretty good idea of user’s
current activity which can be used in context detection by adding association rules. After
recognition of activities using raw sensor data, high level contexts are inferred by incorporating
association rules in a reasoning engine. The context reasoning uses a decision level fusion such
as fuzzy reasoning engine to apply different rules acquired from various sources of information
such as historical context information, expert knowledge, user preferences or constraints (Saeedi,
et al., 2008). Figure 2.5 shows a decision-level fusion which integrates heterogeneous sources of
information.
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Figure 2.5: Context reasoning using decision level fusion

2.2.3 Location Determination Using Sensor-Level Fusion
Location determination in indoor and outdoor environments is one of the first steps towards
building context-aware mobile devices. Detecting the location of a pedestrian is a very
challenging task as he moves in spaces where the usual positioning methods do not work
continuously in a standalone mode. Pedestrian navigation requires continuous location
determination and tracking of a mobile user with a certain accuracy and reliability.
Indoor/outdoor positioning technologies based on multi-sensor systems including satellite and
terrestrial positioning techniques is addressed in various researches (Tsai, et al., 2009; Pei, et al.,
2010; Pei, et al., 2009; Hansen, et al., 2009). Table 2.3 summarizes the most popular
technologies and their characteristics for personal navigation.
Table 2.3: Comparison of personal navigation technology (Grejner-Brzezinska, et al., 2012;
Mautz, 2012); modified and extended
Technique/Sensor

Typical Performance
~10m (Single GPS)

GNSS

~1-3m (Differential GPS)
~ 1 cm (Carrier phase DGPS)
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Characteristics
Line-of-sight system
Result in global reference system

Technique/Sensor
Cellular

Wi-Fi

UWB**/RFID

IMU

Magnetometer

Barometer

Typical Performance
50-500m, Wide coverage range

Characteristics
Low accuracy for cell-in approach
TOA* needs carrier's external info

3-10m (signal strength based)

Good for indoor positioning locally

1-5m (fingerprinting based)

Requires infrastructure coordinates

Decimeter-level accuracy

Better signal quality indoors

10-20m coverage range

Need dedicated system setup

1%-5% error of distance travel

Time dependent

<10° attitude error

Relative positioning

~1-10° attitude error without

Time invariant

disturbances

Subject to external disturbances
Good relative accuracy

~1m altitude resolution

Subject to local disturbances
Camera

Image processing and matching

~1-5m

Need a-priori GIS database
** TOA (Time of Arrival)
*** UWB (Ultra-WideBand)
As listed in Table 2.1, although positioning technologies is widely argued in the past few years,
building a system that enables ubiquitous seamless navigation is still an open topic. Most of the
research works attempt to integrate multiple sensors/system (Grejner-Brzezinska, et al., 2008;
Ruiz-López, et al., 2010).
Sensor-level fusion refers to the synergistic combination of different sources of sensory
information into useful information (Samadzadeagan & Saeedi, 2005). For example in
determining location context, different sensors can be loosely integrated to estimate position and
orientation of the device in a way that is more accurate and pervasive than any of the individual
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sensors. In this research, sensor-level fusion is examined using smartphones and a PNS
developed by the MMSS Group and Trusted Positioning Inc. This method integrates GNSS, and
DR sensors (e.g. magnetic compass, gyroscopes and accelerometers) for positioning. Figure 2.6
shows the location determination system which uses sensor-level fusion algorithm (Saeedi & ElSheimy, 2009; Zhao, et al., 2010).
Context-aware Measurements
Measurement Weighting

Measurement Validation

Accel.

P,V, A

Mechanization

Gyro.
Pedestrian Dead Reckoning
Mag.
GPS
Camera

Heading

Step
Detection

P, A

Step
Length

Computer Vision

P, V

Sensor-Level
Fusion
(e.g. EKF, PF)

Location
Determination

V, A

Figure 2.6: Location determination using sensor-level fusion
The systems are capable of providing off-line location information continuously by adopting
integrated navigation solution using GPS and PDR technologies to obtain an optimal estimate of
the current user’s position. This system uses an integrated approach based on an extended
Kalman filter. The details of the system can be found in (Zhao, et al., 2010).
2.3 Context-Aware Personal Navigation System Architecture
Context-awareness is especially interesting in mobile navigation scenarios where the context of
the application is highly dynamic. With context-aware computing, navigation services consider
the situation of the user not only in the design process, but in real time while the device is in use.
The basic idea is that mobile navigation services provide different services in different contexts –
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where contexts are extracted using sensors’ outputs. The android platform has a variety of sensor
options for monitoring the user motion and physical environment as the most important contexts
in navigation scenarios. In this section, software architecture of a context-aware model for
navigation services is described, and its effectiveness in a navigation scenario using an android
smartphone is evaluated. Figure 2.7 shows a simplistic view of the relationship between sensors
outputs from an android device and a context-aware navigation application on the server.
Gyroscope
Accelerometer

Mobile Client:
PDA, Smartphone,
Tablets

Application Server on the
internet
(Compute high-level
computations, Stores data)

GPS
Wi-Fi

HTTP POST

Temperature

Email

Light

SMS

Compass

Telephone

Internet
Web
pages
Temperature,
Traffic, Maps

Pressure
Humidity
Camera

SQLite DB
Sync with
Server

Data and
Services
Sources

Cellular or
Wi-Fi
coverage

Data-bases

Application User (outdoor, indoor environment)

Figure 2.7: Schematic diagram of the context-aware navigation services
This client-server architecture is flexible and application logic can be split between the local
android device and a server-side resource that can tap into larger databases and computing
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power. For example, a camera image recorded on the local android device can be POSTed4 to a
web server where the data is compared against a database of images and patterns. End users
access applications through a web browser or a light-weight mobile application while the main
software and user's data are stored on servers at a remote location. All the sensor data available
on the smartphone is sent to the server automatically or by the user push. In the next step, after
processing data for context detection and finding the appropriate navigation solution, the results
are sent back to the user. Figure 2.7 is a block diagram that clearly shows this procedure.
In this section, the system architecture is investigated deeper into bringing android to a sensing
platform for context information. In the next section, software architecture is described to
support a context-aware model for navigation services, and evaluate its effectiveness in a
navigation scenario on an android smartphone.
2.3.1 Service Oriented Architecture (SOA)
Given the exciting prospect of service providers dealing with contextual information, several
architectural approaches are introduced for implementing context-aware scenarios. In this
section, the high level structures of the proposed software system is defined as the set of
structures to reason about the software system, which comprise the software elements, the
relations between them, and the properties of both elements and relations
SOA is an architectural approach to create systems built from autonomous services
(Samadzadegan, et al., 2008). With SOA, the end solution is likely to be composed of services

4

POST is one of many request methods supported by the HTTP protocol.
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developed in different programming languages, hosted on disparate platforms with a variety of
security models and business processes. The architectural concepts associated with SOA are not
new. In the past, distributed loosely coupled architectures have originally introduced by
technologies like CORBA (Common Object Request Broker Architecture) and many of the
concepts associated with SOA such as services and discovery were associated with previous
technologies. Similarly, many service design principles have much in common with earlier
Object-Oriented Analysis and Design techniques based upon encapsulation, abstraction and
clearly defined interfaces. However, the key promise of SOA is its standards-based
interoperability. While these standards are important, it is essential to keep in mind that standards
are not architecture and architectures are not implementations. Many analysts and industry
pundits have confused the concept of Service Oriented Architecture with Service Oriented
Implementations. This has only added to the confusion associated with SOA and its related
concepts. However, it should be considered that the implementation of a well-designed
architecture will generate business benefits, not only the architecture itself. Web Services are, for
most of the cases, the simplest approach for implementing loosely coupled SOA.
Over the last few years, Service-Oriented Computing (SOC) and SOA have demonstrated their
capabilities in tackling integration and interoperability challenges raised by not only complex
distributed enterprise services but also in mobile applications (Kumar & Xie, 2012). Principles
and guidelines for designing context-aware mobile system architecture have been studied in
different researches (Boari, et al., 2008; Hong, et al., 2009). However, there are few studies that
deploy SOA context-aware technologies. With a SOA, the application’s functionality is exposed
through a collection of services. These services are independent and encapsulate both the
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business logic and its associated data. The services are interconnected via messages with a
schema defining their format; a contract defining their interchanges and a policy defining how
they should be exchanged.
For the context-aware navigation systems, SOA is considered as a loose coupling between
various service components (Saeedi, et al., 2010). SOA context-aware architecture has been used
to help application programmers build context-aware services more efficiently (Erl, 2005). In
this architecture, a service is implemented as a collection of interacting, and intelligent software
functions. SOA provides an effective level of abstraction for tackling the programming of
mainstream software applications, in particular those that involve complexities related to
concurrency, asynchronous events management and context-sensitive behavior. They are more
powerful, in terms of computing power, memory, connectivity, sensors, context-awareness,
reactivity, usability, and all of the aspects that are important in the context of smart ubiquitous
personal navigation scenarios. In the following chapters, a SOA has been discussed for the
development of mobile pedestrian navigation application.
To build distributed applications in a SOC paradigm, services are considered as a fundamental
element and SOA define how service-based system is designed (Salminen & Riekki, 2005). A
service can be defined as an integratable, self-contained, independently developed, managed, and
maintained for software implementation. The service functionality is defined by a service
interface (specific for a given service), which can be supported by messaging-style. Various
standards and technologies have been developed to support implementation of SOA-based
solutions such as web services technology, mostly based on XML (Extensible Markup
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Language), WSDL (Web Services Description Language) (Christensen, et al., 2001) and SOAP
(Simple Object Access Protocol) (Gudgin, et al., 2007).
As shown in Figure 2.8, the proposed SOA architecture for navigation services consists of
different service components. Sensors provide data about activities and events. Context providers
acquire the context and based on that context, actions of the system will be triggered.
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Figure 2.8: Context- aware system architecture
The SOA architecture for navigation services consists of different service components:


Sensor Services hide the diversity of physical and hardware device and API
(Application Programming Interface). For each sensor, there is a method that can log
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the useful data and pass it to the Location-Provider and Context-Mining Service
whenever the data is valid and required based on the user context. When it is not
possible to realize a network connection between Sensor service and Internet-located
services, the data is saved in the device SQLite5 DB (Database) and will be
synchronized with the server later.


Context-Provider Service detects and track context data including environment
(indoor, outdoor), transit mode (pedestrian, car, and bicycle), activity mode (walking,
stationary, driving, and climbing the stairs) and mobile device’s placement (in-hand, belt, in-packet, and in-bag) to suggest the most appropriate navigation solution. The
context provider service applies a multi-level sensor fusion algorithm which uses two
other services: Context mining and reasoning services.



Context mining service integrates multi-sensor data from different device sensors
such as accelerometer and gyroscope using data mining and pattern recognition
techniques (i.e. ANN)



Context reasoning service integrates information from multiple sources, such as rule
based engine, association rules, and historical data, using knowledge discovery and
reasoning techniques (i.e. fuzzy inference engine). The context reasoning engines
provide the context reasoning services by inferring deduced contexts, deriving
secondary data (e.g. derivation of velocity from position and time data), checking the
collected data (e.g. consistency and correctness), monitoring the context information

5

SQLite is a relational database management system a popular choice as embedded database for local/client storage
in application software
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and maintaining the consistency of context KB (Knowledge Base). The low-level
context which is defined by instances of contexts about a subject and its environment
are mapped to high-level context by the Context Reasoning Service. This mapping
helps make the context ready for reasoning and decisions using available relations,
concept ontology and rules. Context Interpreter consists of context reasoning engines
and context KB.


Location Provider Service estimates the device’s location using available positioning
and position-aiding sensors provided by Sensor Service. This service applies different
positioning solutions such as Assisted-GPS, PDR and vision-based algorithm to find
the useful set of sensors and their confidence level. Therefore, this service determines
the system state vector and updates it regularly. Location Provider service is capable
of providing indoor and outdoor location information continuously using sensor-level
fusion algorithm.



Context-aware Navigation Service provides the location-based and navigation, such
as indoor/outdoor tracking and navigation. Acceding to the user’s request throughout
Interface service, Context-aware Navigation service asks the Location Provider and
Context Broker services and replies by the possible location information for the user
in the current context.



Context Broker Service abstracts contexts from different sources: external context
providers or internal context providers; and convert them to OWL representation so
that contexts can be shared and reused by other components. The context broker is
able to track and adapt context-aware mobile services to the dynamic changes of
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context providers. An internal context provider may change a context by adding and
removing physical sensors or by reconfiguring a set of contexts supported. This
system supports wide-area discovery as a context provider, e.g. a weather service
provider may be physically located in external networks.


Interface Service manages the interaction between service agents and the user. The
service controls user interaction to provide information for other services and send
back the results of services to the user.



Spatial Information DBs are the infrastructure of the context-aware ubiquitous
navigation service. The database can be a kind of GIS DB specialized for the
ubiquitous navigation. Using DBs, the agents have access and share the sensor data
and context information of the user.



Device represents the physical devices (sensor device, communication device, and so
on) which interact with the user. To implement the prototype of the system, the target
is a portable device that MMSS research group has developed to localize the user.
Also an android-based Samsung Galaxy Note is used as the testing device.



Context KB provides the ability that other components can query, add, delete or
modify the context knowledge stored in the database. The three sources of context
KB, ontology and context reasoning engines are used to perform reasoning and
decisions by context interpreter.

32

2.3.2 A Context-Aware Navigation Scenario
User employs a wireless handheld device (e.g. smartphone) to connect to the system. When the
user wishes to request a service using the predefined navigation services, such as direction to the
nearest restaurant in his/her path, the related functions are called and requests are sent to the
context-aware service catalogue by the Context Broker. The catalogue has on-line and real time
connections with context providers through Context Broker component. The user will send that
query to the context broker. Context broker will load the context ontologies stored in the
database and context instances advertised by different context providers, and apply semantic
matching to find out which context provider provides the required context. If a match is found,
the reference to the context provider will be returned to the application to find the best direction
based on user’s activity. Then the most accurate positioning technique is used to monitor user
location during the path.
The android platform has a variety of sensor options for monitoring the user motion and physical
environment. A Samsung Galaxy Note smartphone was used for the purpose of data collection
for this study. To gather data from the phone, an application is developed to capture and send the
data to the server. This application can be used in real time and collects data with a timestamp.
For automatically sending the sensor’s data to the server, another application was used to update
the DB on the server. For example, an accelerometer signal recorded on the local android device
can be POSTed to a web server where the data is compared against a database of classified
activities and patterns. A simple way to communicate with a database-driven back-end server,
without adding a significant amount of complexity, is to use a server-side script that accepts
commands and arguments through the use of HyperText Transfer Protocol (HTTP) POST
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request and returns data as a string. Then it makes call to the server and passes data just like a
web page. An efficient way to send sensor data from an android client device to a web server is
using a simple request HTTP GET/POST request (Appendix C). In this method data passes like a
web page. The snapshots of the android application and server are shown in Figure 2.9.

(a) Application’s user interface
for logging all sensor data

(b)Application’s user interface
for sending data to the server

(c) The loged data on the server

(d) The data file stored and shown on the web server

Figure 2.9: Snapshots of the data collection application and the data on the web server
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CHAPTER THREE: Activity-Context Recognition Using Feature-Level Fusion
With the advances in wireless communications and MEMS sensor technologies on mobile
devices (e.g. accelerometer, gyroscope, magnetometer), collecting a vast amount of information
about the user is feasible in an automatic way; however, it is still difficult to organize and
aggregate such information into a coherent, expressive and semantically-rich representation of
the user’s physical activity (Kwapisz, et al., 2010; Bicocchi, et al., 2010; Brezm, et al., 2009). In
other words there is a gap between low-level sensor readings and their high-level activity
descriptions. In this chapter, a comparison has been conducted on using different sensor data and
pattern recognition methods to identify the most efficient components of an activity recognition
system. The main objective of this chapter is to provide an experimental guideline for selecting
the most meaningful features of motion sensor´s data and eliminating the redundant information.
To do so, various feature extraction techniques have been explored including time-domain,
frequency-domain, and time-frequency-domain features. Then, a large number of features are
extracted, some of which not only provide irrelevant information for activity recognition but also
increase the computation cost and training time. Therefore, feature selection algorithms have
been used to find the optimum and independent set of features for each activity in this research.
The feature selection approach consists of detecting the features and information that are proven
to minimally produce a correct response by the activity classification. Then, an effective activity
recognition method is proposed using the useful set of sensors to identify the placement of the
device with respect to the user as well as user’s activities. In chapter 5, these activities are further
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used as context information to demonstrate the capabilities of context-aware ubiquitous
pedestrian navigation services.
3.1 Background and Literature Review
Recent popularity of mobile devices such as smartphones has resulted in considerable research
directed towards the recognition and monitoring of dynamic activity patterns using the low-cost
sensors. In the following three sections, the state of the art of activity recognition, pattern
recognition techniques for activity recognition and utilizing smartphones for activity recognition
has been studied.
3.1.1 Activity Recognition Applications
Human activity recognition aims to recognize the motion of a person from a series of
observations from the user’s body and environment. Since the 1980s, this research field has
captured the attention of several computer science communities due to its strength in providing
personalized support for many different applications. The topic of activity recognition has been
motivated by a number of important applications including health-care, sports, security agencies
and context-aware services (e.g. navigation and LBS). One of the important applications of
activity recognition is healthcare. Pollack, et al. (2003) used an activity recognition system to
help the elderlies deal with cognitive decline associated with sickness by sending personalized
activity reminders. In a work (Mantyjarvi, et al., 2004), motion recognition was applied to detect
symptoms of Parkinson’s disease. Chen, et al. (2005) implemented a cellphone based system for
multiple vital signs monitoring. Another application of activity recognition is in detecting
abnormal human activity for security monitoring (Yin, et al., 2008). In ubiquitous computing,
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with the help of accurate activity recognition, researchers are now capable of providing various
personalized support for many real-world applications (Bicocchi, et al., 2010). Activity
recognition has been employed to predict transportation modes (Liao, et al., 2006; Zheng, et al.,
2008; Patterson, et al., 2004). Lamming and Flynn (Lamming M, 1994) utilized physical context
information such as location in the interaction between different PDAs as retrieval keys. Motion
sensors offer an emerging means of capturing body movement in different sport applications
which are an alternative to traditional methods (Avci, et al., 2010).
In this research, using activity information has been investigated in context-aware navigation
services. Several opportunities can arise from the availability of such information to flexibly
adapt the services to different circumstances (Mokbel & Levandoski, 2009). For example, a
smartphone navigation application is capable of switching between different navigation solutions
once recognizes that the user is changing his mode from stationary to walking or driving.
3.1.2 Machine Learning Techniques for Activity Recognition
Conventionally, physical activity recognition research focused on using different kind of ambient
sensors including camera, RFID tags and infra-red (IR) motion detectors (Logan, et al., 2007);
however, most works used acceleration sensors because they are small, cheap, light-weight, and
consume little power (Kern, et al., 2007). Randell and Muller (2000) used a single biaxial
accelerometer for classifying six activities (i.e. walking, running, sitting, walking upstairs,
walking downstairs, and standing) by utilizing an artificial neural network (ANN). Mäntyjärvi, et
al. (2001) also applied ANNs for human motion recognition using a pair of tri-axial sensors
attached to the left and right hips. In their research, PCA (Principal Component Analysis) and
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ICA (Independent Component Analysis) was applied to extract the feature vector. Lee and Mase
(2002) developed an activity and location recognition system using a combination of a biaxial
accelerometer, compass, and gyroscope. Their classification technique was based on a fuzzylogic reasoning system. Ward, et al. (2006) investigated the use of wrist worn accelerometers
and microphones in a wood workshop to detect activities such as hammering, or cutting wood.
Mentioned studies relied upon wired sensors, which could be uncomfortable, unrealistic, and
difficult to perform outdoor or long-term experiments. Recently by development of wireless
technology, wireless accelerometers have become available, enabling measurements in more
realistic approaches. Bao and Intille (2004) conducted an extensive study to detect twenty
activity (such as cycling, walking and scrubbing the floor) using five body-worn wireless biaxial
accelerometers under real-world conditions. They used FFT (Fast Fourier Transform) to extract
means, energy, frequency-domain entropy, and correlation features. Then, activity recognition
was performed using decision table, instance-based learning, decision tree, and naïve Bayes
classifiers from the WEKA (Waikato Environment for Knowledge Analysis) Machine Learning
Algorithms Toolkit (a free Java-based popular software for machine learning algorithms).
Decision tree classification delivered the best results on the derived feature vector. Ravi, et al.
(2005) used only a single tri-axial accelerometer worn in the pelvic region. They investigated the
base-level classifier algorithms and the meta-classifiers including voting, stacking, and cascading
frameworks using WEKA toolkit (Ravi, et al., 2005).
For activity recognition, fusing of multiple sensor information not only improves the results but
is rather mandatory, as noted by Kern, et al. (2003). Kern et al. (2007) accelerometer and metainformation from audio was employed for contextual cues in live life recording using a laptop
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and a wired sensor-based system. Yi, et al. (2005) conducted a context awareness study to detect
changes in mobility under various lighting conditions using a single tri-axial accelerometer
attached to a handheld computer. To support continuous recording of activity, a real-time
recognition system is developed by Györbíró, et al. (2009).The system was connected to a
smartphone to capture data from accelerometer and gyroscope. They attached the devices to the
wrist, hip, and ankle to recognize the activities including resting, typing, gesticulating, walking,
running, and cycling. The feed-forward neural network was chosen for offline supervised
learning of the activities.
Activity recognition systems which employ the fusion of different sensors typically follow a
hierarchical approach (Avci, et al., 2010). First the sensors providers collect and track useful data
and information about the user´s motions. The next step is to extract features and characteristics
of the raw measurements using statistical techniques. Finally, a classification or pattern
recognition algorithm is used to recognize the user´s activity based on the comparison of the
extracted features with those that are already extracted for each mode (Yang, et al., 2010).
Although there are several researches on this topic, however, there are still two open questions:
a) What are the optimum features for recognition of activities using the experimental tests in
this research? There are no theoretical guidelines that suggest the appropriate features for
segmentation to use in specific classification situation. Therefore, a careful investigation
of the available features and transformations can significantly improve the performance
of the recognition method. A good feature space can often yield a simple and easily
understood classification techniques; a poor feature space may yield a complex
classification techniques whose true structure is difficult or impossible to discern.
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Table 3.1 provides a comprehensive list of features commonly found in the literature for
analyzing the sensor signals (Avci, et al., 2010); however, there is no single set of
features that would work well for all activities.
Table 3.1: The most widely used features (Avci, et al., 2010)
Type

Features
Mean, Variance, Standard Deviation (SD), Mean

Time Domain

Absolute Error, Root Mean Square (RMS), Cumulative
Histogram, Zero or Mean Crossing Rate, Peak Count &
Amplitude, Quartile
Discrete Fast Furrier Transform (FFT) Coefficient,

Frequency Domain

Spectral Centroid, Spectral Energy, Spectral Entropy,
Frequency Range Power

Time-Frequency Domain

Wavelet Coefficient

Heuristic Features

Signal Magnitude Area (SMA), Inter-axis Correlation

Domain-Specific

Step Detection, Vertical or Horizontal Acceleration
Projection

b) What is the most accurate classification method for recognition of activities?
Classification is a process of grouping data items based on a measure of similarity. So it
is a subjective process; the same set of data items often needs to be partitioned differently
for different applications. Because a single algorithm or approach is not adequate to solve
every classification problem, this subjectivity makes the process of classification
difficult. A possible solution lies in reflecting this subjectivity in the form of knowledge.
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This knowledge is used either implicitly or explicitly in one or more phases of
classification. With advances in machine learning and pattern recognition, a variety of
algorithms have been explored for classifying different movements. Summary of the
researches adopted in the activity recognition literature are presented in Appendix A.
In this research, the above challenges which play a key role in pattern recognition of sensor data
have been deeply investigated.
3.1.3 Utilizing Smartphones for Activity Recognition
Smartphone has been recently used in monitoring human activities because of their portability
(small size and light weight), substantial computing power, embedding various sensors, ability to
send and receive data, and their nearly ubiquitous use in today’s life. Although there is a wide
variety of research in activity recognition using wearable sensors; a limited studies use a
smartphone to collect data for activity recognition.
Miluzzo et al. (2008) explored the use of various sensors (such as a microphone, accelerometer,
GPS, and camera) available on the smartphones for activity recognition and mobile social
networking applications. They developed a phone-centric sensing system CenceMe, which is
body-fixed (e.g., in a pocket). According to the body positions, training stage can be done to
address the activity recognition. They collected accelerometer data from ten users to train the
activity recognition model for walking, running, sitting, and standing. This model had difficulty
distinguishing between the sittings and standing activities.
Yang (2009) developed an activity recognition system using the Nokia N95 phone to distinguish
between sitting, standing, walking, running, driving, and bicycling. Although this study achieved
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relatively high accuracies, just a few activities have been investigated and the training and test
data was collected from only four subjects.
Brezmes, et al. (2009) also used the Nokia N95 phone to develop a real-time system for
recognizing six user activities. In their system, an activity recognition model is trained for each
user, meaning that there is no universal model that can be applied for new users.
Kwapisz, et al. (2010) recognized some of the daily activities using a tri-axial accelerometer
sensor on the Nokia N95 phone, by keeping it in a fixed position. They achieved accurate results
with some activities; however, they did not consider all activities and the impact of carrying the
smartphone in different locations.
In another work (Kunze & Lukowicz, 2008), authors have discussed that if only accelerometer is
available, the best possible result is to identify the segments of the signal dominated by the
gravity component and make recognition based on the vertical component.
In a research by Pei, et al. (2010), physical motion recognition has been used in the indoor
navigation solution (combining WLAN positioning and PDR) on a smartphone. A set of simple
time-domain features has been used to recognize the pattern of six common motions during
indoor navigation (e.g., static, standing with hand swinging, normal walking with holding the
phone in hand, normal walking with hand swinging, walking, and U-turning). An accuracy of
was achieved in this study by using decision tree classifier (Pei, et al., 2010). Table 3.2
summarized the researches on activity recognition using smartphone low-cost sensors.
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Nokia N95
(Symbian)

Android
1.6

Walking,
Running,
Sitting,
Standing

Pocket, on a
lanyard,
clipped to a
belt

Standing,
Walking,
Running,
Driving,
Bicycling

Sitting,
Standing,
Walking,
Standing

Walking
Nokia N95
Accelerom
eter

Samsung
TOmnia
(Win
mobile 6)

Climbingdown/up
stairs,
Sitting,
falling,
Standing
up

Sitting,
Walking,
Up-stairs,
DownStairs,
Running

In different
(vertical and
horizontal
components
computed)

Front pocket

Chest pocket,
front trousers
pocket, a rear
trousers
pocket, an
inner jacket
pocket, etc.

Shirt’s top
pocket, Jeans’
front pocket,
rear pocket,
coat’s inner
pocket

No. of
subjects

Accuracy

Bayesian

98.9 %

1

Variance, Mean,
Num. of peaks

J48 DT

68%,
78%,
94%, 74%
for
activities

8

Mean, SD, ZCR,
75% percentile,
Interquartile range,
Power spectrum,
Entropy, Crosscorrelation

C4.5 DT,
NB, kNN,
LibSVM

space

Raw data

1

Right trousers
pocket

Classifier

NA

(Symbian)

Standing,
Sitting

Feature

36

Nokia N95

Mobile position

Mean, Moments,
RMS, Extremes,
Histogram, FT,
Cross product
means: xy, xz, yz

15 - 25

Nokia
N95,
(Symbian)

Activity

SVM,
regularized
logistic
regression

91% best
performan
ce

4

96.1% of
18
healthy healthy
subjects
and 8
and
Parkins
92.2% of
on’s
Parkinson patient
’s patients
s

Not mentioned
Time-frequency
domain

30

2009

Khan, 2011

Brezmes et al., 2009

Albert, et al., 2012

Yang

Miluzzo, et
al., 2008

Ofstad, et
al., 2008

(Operating
System)

kNN

80

NA

ANN

96 %

6

Autoregressive
Coefficients
SMA
45

Device

Freq.(Hz)

Table 3.2: Summary of past work on activity recognition using smartphones

Linear Discriminant
Analysis
Kernel
Discriminant
Analysis
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HTC touch
(Win
mobile 6)

Sitting,
Standing,
Lying,
Walking,
Posture
transition

The same
place on
bodies for all
the activities

1

Nokia N97
(Symbian)

Stationary,
Walking,
Running,
Bicycling,
Ascending
/descendin
g stairs,
Driving

6 pockets (2
front, 2 rear
trousers and 2
front jacket
pockets) 4
positions
inside

10 (averaging data)

space

Correlation, FFT
energy, Entropy

Nexus
One, HTC
Hero, and
Motorola
Backflip
(Android)

Walking,
Jogging,
Up/Down
Sitting,
Standing

Mean, SD,
Absolute
Difference, RMS,
Time Between
Peaks, Histogram

User’s pocket

Raw data

Classifier

Accuracy

No. of
subjects

Feature

NA

Mobile position

Sun, et al., 2011

Activity

Kwapisz, et al.,
2010

Zhang et al., 2010

(Operating
System)

Freq.(Hz)

Device

Multiclass
SVM

82.8 %

10

SVM

91.6 %
(unknown
position),
94.8 %
(Known
position)

7

J48,
Logistic
Regression,
Multilayer
Perceptron,
Straw Man

85.1%,
78.1%,
91.7%,
37.2% for
different
activities

29

Mean, Variance

Most of the works listed in Table 3.2 use accelerometer sensors to identify basic movements.
They have employed different features for activity classification, varying from raw data to time
and frequency-domain features. The sets of activities that are included in most of the previous
works are standing, sitting, walking, lying and running together with more complex activities
such as driving, bicycling or ascending or descending stairs. With respect to the positions where
the device may be placed, some of the analysis let the user choose a predetermined position for
all the experiments, while others determine more than a fixed position to gather training data.
Yang, et al. (2010) computes the vertical and horizontal projection over gravity of the
acceleration to reduce the effect of the position on the signals gathered from the accelerometer.
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However, none of the works intend to estimate where the user is carrying the mobile device.
Those algorithms based on DT or BN classifiers divide the processing algorithm among device
computation and an external server. In other works, more complex classification methods have
been applied while needs systems gather and process data outside the mobile device.
3.2 Activity Recognition System Using Feature-Level Fusion
Information gathered by a single source can be limited and may not be fully reliable, accurate
and complete; therefore, in this research, a feature-level multi-sensor integration scheme (Saeedi,
et al., 2012) is used to improve the accuracy and robustness of the activity recognition system by
using features instead of raw sensor measurements. This method increased the robustness of
activity recognition; by using various features that are less sensitive to the sensors aspects such
as noises and alignment. Activity recognition module follows a hierarchical approach for fusing
various sensors.
As shown in Figure 3.1, the raw data captured by sensors is pre-processed for calibration and
noise reduction. Then, signal processing and statistical algorithm are used to derive an
appropriate set of features from the measurements. The potential number of features that can be
used is numerous; however, the feature space needs to be carefully selected to perform real-time
and robust activity recognition. Figure 3.1 illustrates the activity recognition steps. These steps
are discussed in details in the following sections.
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Multi-sensor Activity Recognition Procedure

Sensor
Data

PreProcessing

Feature
Extraction

Feature
Selection

Classification
Algorithms

Activity
Identification

Figure 3.1: The steps involved in activity recognition using a feature-level sensor fusion

3.2.1 Preprocessing and Sensors Calibration
Accelerometer and gyroscope sensors commonly embedded on smartphones have a drift and
offset on every axis. The calibration procedure is to accurately determine the scaling factor and
offset parameters of the three independent, orthogonal axes. From a practical point of view in
most mobile applications, calibration is needed to assure sensor data quality and get accurate
readings. In this research, the axes misalignments (non-orthogonalities) have not been
considered, as scale factor and drift calibration is already good enough for context detection
application (Saeedi, et al., 2011).The six-position static is one of the most commonly used
calibration methods (Shin & El-Sheimy, 2002). The six position method requires the inertial
system to be mounted on a levelled table with each sensitive axis of every sensor pointing
alternately up and down. For example, let ⃗

be a vector of raw accelerometer

reading from mobile devices, and

is the earth gravity which can be used as a

reference signal when the device is in static mode. Therefore, as shown in Figure 3.2, the user
gets the samples along the positive and negative direction for each of the three axes. To do this,
the user has to hold the accelerometer sensor in six different orientations and make the
corresponding axis strictly point to ⃗ direction.
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g
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n
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Figure 3.2: Six different positions for calibration of the accelerometer and gyroscope (each
sensitive axis pointing alternately up and down)
Bias and scale factor can be estimated by summing and differencing combinations of the sensor
measurements. For example to estimate bias and scale factor of the Z-accelerometer, the
measurements are:
( 3.1 )
( 3.2 )

where

and

are accelerometer measurements when the device is located in position

(a) and (c) shown in Figure 3.2.

,

and
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represent bias, scale factor and gravity,

respectively. Then, the bias and scale factors can then be calculated using the following
equations:
( 3.3 )
( 3.4 )

Similarly for the gyroscopes, the device is oriented in static mode with the axis pointing
vertically upward and downward. For example in the case of calibrating Z-axis gyroscope, the
device is located in position (a) shown in Figure 3.2. Then, the average of 10-15 minutes
measurements

is taken (Shin & El-Sheimy, 2002).
( 3.5 )

where

,

,

and

represent bias, scale factor, latitude of the gyroscope location and

Earth’s rotation rate, respectively. Next, the sensor is rotated by

(Figure 3.2 (c)) such that

the same axis is pointing vertically downward and another average measurement

is

obtained.
( 3.6 )

Then, the bias and scale factor of gyroscope can then be calculated using the following
equations:
( 3.7 )
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( 3.8 )

However, in low grade gyros such as MEMS sensors which suffer from bias instability and
bigger noise levels, the earth’s reference signal is not observable. Moreover, it is difﬁcult for the
end user to determine the exact direction of the gravity and to hold the sensor accordingly.
Usually, the procedure is carefully performed several times and the average values needs to be
used. Therefore, Multi-position calibration method has been used to combine three axes effect of
the local gravity and earth rotation as references for calibration (Syed, 2009). Using a redundant
number of placements, the IMU errors can then be estimated using a least squares adjustment.
Since calibration is a one-time operation, computation is not a big concern here.
After sensor calibration, accelerometers and gyroscopes are preprocessed for noise reduction
using low-pass filter (Logan, et al., 2007). Low-pass filters provide a smoother form of signal
which removes the short-term oscillations, leaving only the long-term trend of the signal. After
noise reduction signals has been normalized. In some cases gravitational acceleration has to be
extracted from accelerometer data in order to analyze only useful dynamic acceleration. For this
purpose, high-pass filters can be used to distinguish body acceleration from gravitational
acceleration (Zhao, et al., 2010). In this research a mean filter used for each patch to remove the
impact of gravity as a feature.
3.2.2 Feature Extraction
In general, features can be defined as the abstractions of raw data and the purpose of feature
extraction is to find the main characteristics of a data segment that accurately represents the
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original data (Krishnan, et al., 2009). In other words, this process is defined as a process of
identifying valid, useful and understandable patterns in data. The main outcome is to keep the
most meaningful features of data and eliminate the redundant features. There are no theoretical
guidelines that suggest the appropriate feature set to be used for specific classification situations.
A good feature space can often yield a simple and easy to understand classification technique; on
the other hand a poor feature space may yield a complex classification technique where true
structure is difficult or impossible to discern. The following features have been applied for
activity detection. The features are divided into time, and frequency domains (Saeedi, et al.,
2012).
c) Time-Domain Features: These features include basic waveform characteristics and
signal statistics and they are directly derived from the data. Some of the examples of
time-domain features are mentioned here:


Mean: The mean value of the signal over a window segment is considered as a
feature according to below equation.
∑

̅




Root Mean Square (RMS): RMS of a signal can be considered over a defined
widow using following formula.

√


∑

̅

( 3.10 )

Mean of absolute Error: It is the average of the absolute value of the residuals and
is given by:
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∑|


̅|



Inter-axis Correlation: It is especially useful for discriminating the activities that
involve translation in just one dimension. Bao, et al. (2004) used the correlation
between axes and achieved good results for distinguishing cycling from running. The
following formula describes the correlation coefficient between two vectors, ⃗ and ⃗⃗ ,
commonly used in linear regression. In the below equation

describes the number of

elements of ⃗ and ⃗⃗ .
∑
⃗⃗ ⃗⃗



√

∑

∑
∑

∑
∑

∑

Zero or Mean Crossing Ratio (ZCR): ZCR is defined as the number of times that a
signal changes signs in a frame. This feature has been used heavily in both speech
recognition and music information retrieval (Gouyon, et al., 2000).
∑ {
where

is a signal of length

}



and the indicator function { } is

if its argument

is true and 0 otherwise.


Quartile feature: It is a measure of the distribution of the signal values. Quartile is
computed by partitioning the signal over a given window into four quarters of the
data (Q1= 25%, Q2=50% and Q3=75%). In this research upper quartile which is
equal to 75th percentile (splits off the highest 25% of data from the lowest 75%) is
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considered as a feature. This is achieved by sorting the signal values and finding the
value of 75% on the window length


Orientation-invariant feature: For a tri-axial accelerometer, the raw readings are
measured according to the current sensor orientation. Orientation-invariant features
have been used in some of the resent researches to avoid the effect of accelerometer
orientation (Yang, et al., 2010). By using the concept of gravity three features is
defined: 1) the summation of three axial accelerometers, 2) the approximate vertical
projection and 3) the approximate horizontal projection of the accelerometer signal
vector. The second and third feature can be used to roughly translate the local
coordinate system to the global vertical and horizontal plane based on a method
described by Mizell (2003). In this method in a window of 256 sample, the gravity
vector, ⃗

, is roughly estimated using the average of all the

measurements:
⃗
where ⃗

(
(

∑

∑

)
)

the vertical component ⃗

∑



are acceleration measurements. Then,
of each sample of accelerometer is computed using

the following equation:
⃗

⃗⃗⃗⃗ ⃗⃗⃗⃗
(
) ⃗⃗⃗
⃗⃗⃗⃗ ⃗⃗⃗⃗

Then the horizontal component ⃗

of the acceleration vector ⃗ can be

computed by vector subtraction, (i.e. ⃗
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⃗

⃗

). The extracted

vertical and horizontal components provide two orientation invariant features which
are considered as approximation to the horizontal and vertical movements.
d) Frequency-Domain Features: These features focus on the periodic structure of the
signal, such as coefficients derived from Fourier transforms.


Frequency Range Power: This feature is based on computing the power of the
discrete FFT components for a given frequency band. An FFT computes the discrete
Fourier transform (DFT) and produces exactly the same result as evaluating the DFT
definition directly; the only difference is that an FFT is much faster.
∑

where

is the



primitive root of unity,

the frequency of human walking is about

. For example,

(Syed, 2009), therefore, this

frequency band can efficiently separate different activities (such as walking, running,
driving, and so on).


Spectral Energy: Spectral energy density describes how the energy of a signal is
distributed over the different frequencies. Energy features can be used to capture
periodicity of the data in the frequency domain and it can be used to distinguish
inactive activities from dynamic activities. The energy feature was calculated as the
sum of the squared discrete FFT component magnitudes of the signal. For the signal
in discrete form, energy can be calculated using the following equations:
|̂

|
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( 3.17 )

where

is the angular frequency and ̂

is Fourier Transform of the signal. When,

the feature is computed over a window, the sum of the above equation over the
window is divided by the window length for normalization.


Spectral Entropy: To discriminate the activities with similar energy values. The
frequency entropy is calculated according to the following formula:
( 3.18 )
where

are the frequency components of the signal for a given frequency band and
the probability of

. This feature is a measure of the distribution of the

frequency components in the frequency band.
e) Time-Frequency-Domain Features: These features are used to investigate both time
and frequency characteristics of the signal and they generally use wavelet transformation
(Avci, et al., 2010).


Discrete Wavelet transform Coefficients: While Fourier Transform shows the
frequency content of a stationary signal, wavelet analysis provides spectral
information of non-stationary signals, where the frequency content changes over time.
In the discrete wavelet transform, a signal
(

) and a detail signal (

is split into an approximation signal

) using the coefficients of a discrete low-pass filter and a

high-pass filter. These base filters are called scaling function (
wavelet functions (

) as shown below:
( 3.19 )

∫
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) and mother

( 3.20 )

∫

This is an iterative procedure using the approximation signal as the new signal for
decomposition. In fact, variation in scale levels ( ) of the base functions enables
frequency resolution and the shifting of the scale ( ) in the base function provides the
time information (Saeedi, et al., 2011). The original signal

can be reconstructed

from the wavelet coefficients using the following formula:
∑

∑

( 3.21 )

The choice of mother wavelet is crucial in any application. In this research,
Daubechies mother wavelet of order 8 is used for extracting the detail signals
(Mitchell, et al., 2013). Daubechies wavelet is asymmetric and its scaling filters are
minimum-phase filters. The first order Daubechies wavelet is also known as the Haar
wavelet, which wavelet function resembles a step function. The order of the wavelet
functions can be compared to the order of a linear filter. The Daubechies wavelets are
compactly supported orthogonal wavelets.
The ratio between the power of the detail signals in specific scales and the total power
of the details of the acceleration was calculated as wavelet coefficient feature. This
measure is defined below:
∑

( 3.22 )

∑

where α =3, β = 4 and J = 8 in my experiments.
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3.2.3 Feature Selection
In order to increase robustness of activity recognition and reduce computations, a feature
selection method is applied. In other words, if the dimensionality of a feature set is too high,
some features might be irrelevant and do not even provide useful information for classification,
and therefore the computation is slow and training is difficult. The feature selection approach
consists of detecting and discarding the features that are demonstrated above, to provide a correct
classification results by minimum number of features.
3.2.4 Classification Algorithms
The selected features are used as inputs for classification methods. A number of features from
the pre-selected feature set is used to train and test different classifiers (Saeedi, et al., 2011).
Given a set of objects, each of which belongs to a known class, and each of which has a known
vector of features, the aim is to construct a set of rules which assign future objects to a class,
given only the vectors of feature describing the future objects. Problems of this kind, called
problems of supervised classification. Supervised classification can be formally defined as
follows. Given a data set
feature space, and
into

classes,

{

} where

is a pattern in the

is the number of patterns in , then the classification of
{

-dimensional
is to partition it

}, satisfying the following conditions:



Each pattern should be assigned to a class, i.e. ⋃



Each pattern is assigned to one and only one class (in case of hard classification
only), i.e.

.
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.

In fact, however, various classification techniques may consider different factors which mean
that the assumption is not as detrimental as it might seem.
Different methods have been developed for supervised classification. Some of the popular
classification methods in the activity recognition research community that have been used in this
study are listed in Table 3.3.
Table 3.3: Categorization of the classification methods
Classification

Description

Methods

kNN is based on the closest training samples in the feature space. The
k-Nearest
Neighbour (kNN)

most popular similarity measure to find the closest samples is the
Euclidean distance. k denotes the number of classes.
NB is a simple probabilistic classifier which uses Bayes' theorem with

Naïve Bayes (NB)

naive independence assumptions. This assumption simplifies the
|

estimation of

from the training data.

BN is a probabilistic graphical model that encodes probabilistic
Bayesian

dependencies among the corresponding variables of interest by using

Network (BN)

training dataset. BN is used to learn relationships between activity classes
and feature space to predict the class labels for a new sample.
DT is a classifier that predicts the activity classes (dependent variable) of
a new sample based on features values. The internal nodes of a decision
tree denote the different features; the branches between the nodes tell us

Decision Tree
(DT)

the possible values that these features can have in the observed samples,
while the terminal nodes tell us the final value (classification) of the
dependent variable. The algorithm used to generate a decision tree is
information entropy.
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Classification

Description

Methods

ANNs are capable of “learning” patterns by a number of known training
Artificial Neural

patterns. In this research the used ANN has three layers; input layer,

Network (ANN)

hidden layer and output layer. A simple back propagation algorithm (using
RMSE) is used as the learning process.

Support Vector
Machine (SVM)

SVMs are binary classifiers, derived from statistical learning theory and
kernel-based methods. In this research using (Gaussian) radial basis
function, a non-linear learning model is adapted for different activities.

The details of each classification method are described in the next section. In order to select the
most accurate technique, these classifiers have been evaluated using various data sets and by
applying WEKA6 toolbox (Witten, et al., 1999).
3.2.4.1 Decision Tree (DT)
DT is a flowchart-like tree structure which is used as a predictive learning model in statistics,
data mining and machine learning (Rokach & Maimon, 2008). In a decision tree, internal node
denotes a test on a feature, branch represents test’s outcome and leaf nodes represent class labels.
J48, which is used in this research instead of C4.5, is an open source Java implementation of the
C4.5 algorithm in the WEKA data mining tool. C4.5 is an algorithm used to generate a decision
tree from a set of training data using the concept of information entropy (Quinlan, 1996). The
decision trees generated by C4.5 can be used for classification, and for this reason, C4.5 is often
referred to as a statistical classifier. At each node of the tree, C4.5 chooses the feature of the data

6

WEKA (Waikato Environment for Knowledge Analysis) is free popular software for machine learning algorithms
written in Java, developed at the University of Waikato, New Zealand (http://www.cs.waikato.ac.nz/ml/weka/)
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that most effectively splits its set of samples into individual classes. Different algorithms may
use different splitting measures. In C4.5, the splitting criterion is the normalized information gain
(difference in entropy) as defined in the following equations. First a feature

is selected to be

investigated for information gain. Then the probability that an arbitrary sample in the sub-tree
belongs to class

, is estimated by

:

|

|
| |

where |

| is the number of samples with the class label

number of all samples in the sub-tree
sample in

in the sub-tree

and | | is the

. Expected information (entropy) needed to classify a

can be estimated using the following formula:

∑

Then, information needed (after using feature

to split

into

partitions) to classify D can be

estimated using the following formula:

∑

( )

Using the two above formula, information gained by branching on feature

is defined as below:

( 3.26 )
Another measure which is usually used in C4.5 is gain ratio which is described as below
equation:
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where,

∑

Then, the C4.5 algorithm repeats the above procedure on the smaller sub-lists. For each feature
of the samples, the normalized information gain is computed from splitting on that feature. Then,
the feature which generates the highest normalized information gain is selected and a decision
node is created to splits the data based on that feature. In order to handle continuous features,
C4.5 creates a threshold and then splits the list into those whose feature value is above the
threshold and those whose feature value is less than or equal to it. The recursion procedure stops
when the samples in a node belong to the same class (majority), or when there are no remaining
features on which to split. To prevent the tree from over-fitting, C4.5 goes back through the tree
once it's been created and attempts to remove branches that do not help by replacing them with
leaf nodes. This is called pruning trees after creation.
Amongst other data mining methods, decision trees have various advantages. They are simple to
understand and use a white box model which can be easily explained by Boolean logic. Also,
large amounts of data can be analysed using standard computing resources in reasonable time.
However, practical decision-tree learning algorithms are based on heuristics search algorithm
where locally-optimal decisions are made at each node. Such algorithms cannot guarantee to
return the globally-optimal decision tree. On the other hand, decision-tree learners can create
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over-complex trees that do not generalize well from the training data (this is known as over
fitting). Mechanisms such as pruning are necessary to avoid this problem.
3.2.4.2 Naive Bayes (NB)
One of the supervised classification methods is the Naive Bayes method which is easy to
construct and interpret; and does not need any complicated iterative parameter estimation. It is
widely used in areas such as text classification and spam filtering. The statistical, data mining,
machine learning, and pattern recognition communities have introduced a large number of
modifications to make it more flexible; however, these modifications increase its complications
(Domingos & Pazzani, 1997; Ridgeway, et al., 1998).
For simplifying the description, just two classes (labeled

) are considered. The training

dataset includes the set of objects with known class memberships and the aim of training
algorithm is to construct a score such that larger scores are associated with class
scores with class
threshold,

objects. Classification is then achieved by comparing this score with a

for any object. If

measurement vector

|

is defined to be the probability that an object with

belongs to class , then the ratio

suitable as an score. As defined in the below equation,
|

and smaller

, where

|

|

is the conditional distribution of

|

|

would be

can decomposed as proportional to
for class objects, and

is the

probability that an object belongs to class if there is no further information about it (the ‘prior’
probability of class ).
|
|

|
|
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To use this,

| and

needs to be estimated. If the training set is considered as a random

sample from the overall population, the
class

can be estimated directly from the proportion of

objects in the training set. To estimate the

the components of

|

the naive Bayes method assumes that

|

are independent, so,

( | ), and then estimates each of the

( | ),

univariate distributions

multivariate problem has been reduced to

separately. Thus the

dimensional

univariate simple estimation problems. This is one

of the unique properties of the naive Bayes which means estimation is simple, very quick, and
does not require large training set or complicated iterative schemes.
If the marginal distributions ( | ) are discrete, with each

taking only a few values, then the

estimate ̂( | ) is a multinomial histogram type estimator (simply counting the proportion of
class

objects which fall into each dataset). If the

( | ) are continuous, then a common

strategy is to segment each of them into a small number of intervals and then use multinomial
estimator. Given the independence assumption, the above formula ratio becomes:
|
|

( | )

( | )

( | )

( | )

Now, recalling that the aim was merely to produce a score which was monotonically related to
| , logs of (3.23) gives an alternative score which is a monotonic increasing function of
| .
|
|

( | )

∑

( | )
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To simplify the classifier structure, ‘
’ by a constant

( | )

( | ) ’ can be replaced by

and ‘

as shown in the following equation:
|
|

∑

The decision surface produced by the naive Bayes model can have a complicated non-linear
shape: the surface is linear in the

, but highly nonlinear in the original variables

can fit quite elaborate surfaces. However, the assumption of independence of the

, so that it
within each

class implicit in the naive Bayes model might be restrictive.
NB considers that all variables are conditionally independent, given the value of a class;
therefore, in practice, it may lead to poor classification and have high biases. However, various
factors may come into play to improve its performance. Firstly, a prior variable selection step has
often taken place, in which highly correlated variables have been eliminated. This means that the
relationships between the remaining variables might well be approximated by independence.
Secondly, assuming the interactions to be zero provides an implicit regularization step, so
reducing the variance of the model and leading to more accurate classifications.
3.2.4.3 Bayesian Networks (BNs)
BNs (Pearl, 1988) are one of the most promising approaches to data mining and knowledge
discovery under conditions of uncertainty in databases (Cheng & Greiner, 1999; Bouckaert,
2008). A BN,

, has two components: a directed acyclic graph,

and a conditional probability distribution. (

table) represented by . Each node

represents a stochastic variable, and each arc

,

between nodes represents a probabilistic
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dependency (Pearl, 1988). A BN can be used as a classifier that gives the posterior probability
distribution of the classification node given the values of other features. When learning BNs
from datasets, nodes represent dataset features (Cheng & Greiner, 1999).
{

Let
{

|

}
|

be a set of variables, then,

}, where

is the set of parents of u in
|

probability distributions,

samples over
over
|

called the class variable given a

, called feature variables. A classiﬁer

maps an instance of

. A BN represents a

.

The classiﬁcation task consist of classifying a variable
set of variables

table is described by

is a function that

to a value of . The classiﬁer is learned from a dataset

consisting of

. The learning task consists of ﬁnding an appropriate BN given a data set

. Since all variables in

are known, the inference algorithms need to calculate

for all class values.

Learning algorithms: Learning of a BN is a two stage process: 1) network structure learning,
and 2) learn the parameters or the probability tables. In the case of classification, a BN structure
and the parameters of the local distributions must be learned from training dataset. Different
algorithms have been developed to systematically determine the skeleton of the underlying graph
and then, orient all arrows whose directionality is dictated by the conditional independencies
observed. The automatic identiﬁcation process requires two components: a scoring metric to
select the best model and a search strategy to explore the space of possible, alternative models.
This section describes these two components — model selection and model search.
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Local score metrics: There are two ways to view a BN; each suggesting a particular
approach for learning. First, a BN is a structure that encodes the joint distribution of
the features. This suggests that the best BN is the one that best fits the data, and leads
to the scoring-based learning algorithms. Learning a network structure

can be

considered an optimization problem where a quality measure or entropy scoring
function of a network structure given the training data needs to be maximized
(Heckerman, 1999). The time requirement of an exhaustive search returning back a
structure that maximizes the score is super exponential in the number of variables.
Second, the BN structure encodes a group of conditional independence (CI)
relationships among the nodes, according to the concept of d-separation (Pearl, 1988).
Using some statistical tests (such as Chi-squared and mutual information test), the CI
relationships among the features is computed that can be used as constraints to
construct a BN. These algorithms are referred as CI-based algorithms (Cheng, et al.,
1997). Friedman et al. (1997) show theoretically that the general scoring-based
methods may result in poor classifiers since a good classifier maximizes a different
function for classification accuracy. For each of these areas, diﬀerent search
algorithms can be implemented. A local search strategy makes incremental changes
aimed at improving the score of the structure. A global search algorithm can avoid
getting trapped in local minima.


Global score metrics: A natural way to measure how well a BN performs on a given
data set is to predict its future performance by estimating expected measures, such as
classiﬁcation accuracy. Cross-validation provides an out of sample evaluation method
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to facilitate this by repeatedly splitting the data in training and validation sets. A
Bayesian network structure can be evaluated by estimating the network’s parameters
from the training set and the resulting BN’s performance determined against the
validation set. Cross-validation diﬀers from local scoring metrics in that the quality of
a network structure often cannot be decomposed in the scores of the individual nodes.
So, the whole network needs to be considered in order to determine the score.
Once a good network structure is identiﬁed, the conditional probability tables for each of the
variables can be estimated. The process of parameter estimation follows standard statistical
techniques (Ramoni & Sebastiani, 2003). To directly estimate the conditional probabilities, the
Bayesian estimator can be used as follows:
̂

where

̂

|
|

, counts the number of cases in

; and similarly,
. In the above equation,

such that

counts the number of cases in
∑

and

∑

. Theoretically,

and
such that
can

be considered as “initial” or “imaginary” counts from the past experience (prior information). In
practice it can be set and is usually

by default. If

, the formula results in maximum

likelihood estimates (MLE).
3.2.4.4 k-Nearest Neighbour (kNN)
In pattern recognition, the nearest neighbor algorithm (NN) is a method for classifying objects
based on closest training examples in the feature space. The kNN is amongst the simplest of all
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machine learning algorithms: an object is classified by a majority vote of its neighbors, with the
object being assigned to the class most common amongst its nearest neighbors. Similarity
measures are fundamental components in this algorithm. The most popular way to evaluate a
similarity measure is the use of distance measures. The most widely used distance measure is the
Euclidean distance, defined as:
√∑

(

‖

)

‖

( 3.34 )

The objective function that the k-NN optimizes is
∑

∑

(

)

( 3.35 )

The membership and weight functions for kNN are defined as:
(

| )

{

(

)

{

(

)}

( 3.36 )

Consequently, the kNN method minimizes the intra-class distance. It is known that the NN
algorithm may converge at local optimal solutions, depending on the training datasets.
3.2.4.5 Support Vector Machines (SVM)
In machine learning applications, SVMs are considered as one of the most robust and accurate
methods (Wu, et al., 2007). It has a sound theoretical foundation, requires a small training
dataset, has fast and efficient training algorithm; and is insensitive to the number of dimensions
(Vapnik, 1995).
The original SVM is a binary classifier that derived from statistical learning theory and kernel
based methods. If

training sample are available in
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{

} and each sample can

be represented by the set pairs

, while

are class labels (

of value

and

are

feature vectors with N components. Then, the classifier is represented by the function
with the parameters  .

Figure 3.3: Classification of a non-linearly separable case by SVMs
The SVMs learning method is to find the optimum separating hyper-plane so that: 1) samples
with labels

are located on each side of the hyper-plane; 2) the distances of the closest

samples to the hyper-plane in each side become maximum. These samples are called support
vectors and the distance is optimal margin (Figure 3.3).
The hyper-plane is defined by

where

are the parameters of the hyper-plane.

The vectors that are not on this hyper-plane lead to:

and the classifier is defined as:
( 3.37 )

where

is the signum function. The support vectors lie on two hyper-planes, which are

parallel to the optimal hyper-plane and are defined by the following equations:
( 3.38 )
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To extend the SVM formulation for handling cases where errors exist in training dataset due to
the noise or mixture of classes, variables

, called slack variables, are used to consider

effects of misclassification. Then the hyper-planes for two classes change based on the following
formula:
( 3.39 )
Optimal hyper-plane is located where the margin between two classes of interest is maximized
and the error is minimized. This can be achieved by solving a constrained optimization problem.
By minimizing the following function subject to
of training examples,

is the number

.

‖ ‖

The constant

, where

∑

, called the penalty value or

value, is a regularization parameter. It

defines the trade-off between the number of misclassification in the training data and the
maximization of margin. In practice, the penalty value is selected by trial and error. The
constrained optimization in the above equation is solved by the method of Lagrange multipliers.
The equivalent optimization problem becomes similar to maximizing the following formula
subject to ∑

and

, where

.

∑

∑∑
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is the number of training examples,

In the above equation,

are the Lagrange multipliers. The solution of the optimization

problem given in the above equation is obtained in terms of the Lagrange multipliers

. Only for

support vectors, these multipliers are non-zero. The result from the optimizer, called an optimal
solution, is the set

. The value of
where

and

and

are calculated from

∑

are the support vectors of class labels

and
and

respectively. The decision rule is then applied to classify the dataset into two classes.

(

where

∑

)

is the signum function. There are instances where a linear hyper-plane cannot

separate classes without misclassification; in that case, those classes can be separated by a
nonlinear separating hyper-plane. To define a nonlinear hyper-plane, data may be mapped to a
higher dimensional space with a nonlinear transformation function ( ). In the higher dimensional
space, data are spread out, and a linear separating hyper-plane may be found. There exists a
function , called a kernel function, such that,

(

)

. A kernel function is

substituted for the dot product of the transformed vectors, and the explicit form of the
transformation function

is not necessarily known. Further, the use of the kernel function is less

computationally intensive. The optimization problem then becomes maximizing the following
function:

∑

∑∑

Also, the decision function becomes:
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(

∑

)

A great number of kernels exist which can be divided into two categories: local and global
kernels (Mercier & Lennon, 2003). For classification of activities, two local and global kernels
are used: the inhomogeneous polynomial function and the (Gaussian) radial basis function (RBF)
(Fauvel, et al., 2006).
(
(

)
)

(
[

)
‖

( 3.45 )
‖ ]

( 3.46 )

SVMs were originally developed to perform binary classification. However, in this research
classification of data into more than two classes is required. Two methods are used for multiclass SVM: one against all and one against one. One against all is also known as winner-take-all
classification. For an

class classification,

binary SVMs classifiers are created. Each

classifier is trained to discriminate one class from the remaining

classes. During the

testing or application phase, data are classified by computing the margin from the linear
separating hyper-plane. Data are assigned to the class labels of the SVMs classifiers that produce
the maximal output. In the “one against one” strategy, SVMs classifiers are created for all
possible pairs of classes. For a case of “

class classification”,

binary classifiers

are created. Each binary classifier is trained to classify two classes of interest. During the testing
phase, the output from each binary classifier in the form of a class label is obtained. The class
label that occurs in most of the cases is assigned to that data.
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3.2.4.6 Artificial Neural Networks (ANN)
ANNs are made up of a number of simple and highly interconnected processing elements (called
neurons) organized into layers. These neurons process information by their dynamic state
response to external inputs. ANNs are capable of “learning” patterns by training it with a number
of known patterns (Werbos, 1974). In a conventional ANN, the learning process is applying
numerical data repeatedly and adjusting the weights and thresholds of the processing elements
automatically. The functional dependencies between input and output need not be specified due
to the ANNs ability to evolve during the training process. As shown in Figure 3.4, a model of a
neuron has three basic components: input weights, a summer, and an output function.

𝑊
𝑊

∑⬚

𝑥

𝑓 𝑥

a

𝑊

Figure 3.4: Model of a neuron in an ANN
The input weights scale values used as inputs to the neuron, the summer adds all the scaled
values together, and the output function produces the final output of the neuron. Often, one
additional input, known as the bias is added to the system. This description is shown in
Figure 3.4. In that figure,

,

, and

are the weights,

is an intermediate output, and

final output which is computed using the following formula:
⃗⃗⃗⃗ ⃗

⃗⃗

( 3.47 )
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is

where f could be any function. Most often,
argument is positive and

is the sign of the argument (i.e.

if the

if the argument is negative), linear (i.e. the output is simply the

input times some constant factor), or some complex curve used in function matching. For this
model

is considered as the sign of the argument for two reasons: it closely matches the ‘all or

nothing’ property seen in biological neurons and it is fairly easy to implement.
The back propagation ANN is the most popular ANN paradigm (Werbos, 1974). A multi-layered
ANN implementing the back propagation algorithm is shown in Figure 3.5.

Figure 3.5: Multi-layer perceptron neural network
The back propagation learning algorithm allows complex decision domains and arbitrary
decision regions including non-convex and multimodal regions to be formed. However, there is
almost always no guarantee of convergence within the weight space since gradient used in
weight update is the gradient for a given training sample and may not represent the overall
gradient. In addition, training starts with random states requiring long periods to converge.
Therefore, training may require thousands of iterations for a relatively simple problem.
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Moreover, it only implements an approximation to an actual non-linear mapping; hence accuracy
of approximation is questionable. The back propagation algorithm can be briefly summarized as
follows: i) Set initial weights and thresholds to small random values; ii) Apply input and desired
output training sets; iii) Compute inputs and outputs of each neuron; iv) Calculate errors based
on the gradient descent technique; v) Adjust weights and thresholds; vi) Repeat the iteration
process until an acceptably low error results in the outputs.
In this research, a three-layered ANN is used; one input, one hidden and one output layer with a
simple back propagation algorithm (using RMSE) for the learning process. Input layer includes
45 neurons for feature vectors elements and the output layer includes different activity
recognition classes.
3.3 Experiment and Results
This experiment aims at finding the useful set of sensors and features that contributes to an
accurate activity recognition module. The activity recognition module is designed for detecting
different user´s modes and motions. Using extensive experiments, the performance of activity
recognition module has been evaluated.
3.3.1 Training and Test Data Collection
A Samsung Galaxy Note smartphone was used for the purpose of data collection for this study.
This smartphone has a built-in tri-axial accelerometer (STMicroelectronics k3dh), a gyroscope
(K3G), and a magnetometer that can record the user’s motions. Since most of the computations
are accomplished on the server, sensor’s data is sent a DB on the server and then, other services
such as data mining and navigation can have access these data. As shown in Figure 3.6, an
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application is developed to capture and send the data of the smartphone to the server. This
application can be used in real time to collects data with a timestamp (Appendix C). For
automatically sending the sensor’s data to the server, another application was used to update the
database on the server.

Accelerometer

Application Server on the internet
(Compute high-level computations)

Mobile Client
Smartphone
Tablet-PC

Data and
Services
Internet Sources

Gyroscope
Magnetometer
SQLiteDB Sync
with Server

HTTP POST
Low-level sensor measurements

Data-bases

Cellular or Wi-Fi
converge

Figure 3.6: Schematic diagram of the data collection process
Activity data was collected from four subjects consisting of two males and two females, their age
ranging from 26 to 40. Each activity with a different device placement mode was performed for
one minute except for the elevator mode which was carried out three times for each subject to
capture enough data in a four-story building (Figure 3.7). Totally, 30 minutes of data per person
was collected for each subject and stored in a DB on the server. To build the reference data,
subjects were asked to annotate main activities with start and finishing times. Five seconds were
removed from the beginning and end of most activities to ensure the data truly corresponded to
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the activity being recorded. 70% of the data has been considered for training the classification
algorithm and the remaining 30% of the sample data were used for the testing procedure.

Walking
Close to ear

Walking
Putting in Pants pocket

Stairs Down
Reading (2 hands)

Stationary
Texting (1 hand)

Walking
On the belt

Walking
In purse

Walking
In backpack

Walking
Swing arm while device
in hand

Figure 3.7: Collecting training datasets for different activities and device placements
In order to collect the test data, the smartphone was loosely placed in specific orientations
including in the bag, in the jacket pocket, on the belt, in hand close to ear for talking, and down
at one's side while arm is swinging. No special requirement has been imposed on how to wear
the smartphone except for its location on the body. Different activities and device location
contexts considered in this research are presented in Figure 2.2 from chapter 2.
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3.3.2 Preprocessing and Calibration
The preprocessing of the inertial sensors is the first step before using any activity recognition
algorithm (Zhao, et al., 2010). Each reading of sensor consists of three components along x-axis,
y-axis, and z-axis according to the current phone orientation. As shown in Figure 3.8, the
Preprocessing GUI (Graphic User Interface) includes read sensor data, preprocessing, signal
projection, sensor/signal selection and corresponding sensor view panels.

Figure 3.8: Preprocessing GUI from the activity recognition module shows accelerometer,
gyroscope, magnetometer, orientation and barometer signals after preprocesing step.
(From left to right and up to down, this GUI includes: Read Sensor Data, Preprocessing, Signal
Projection, Sensor/signal Selection and corresponding sensor view panels)
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Preprocessing includes calibration, signal normalization, low-pass filtering and resampling to a
required sampling rate. After accelerometers and gyroscopes sensor calibration (discussed in the
section 3.2), all the signals are preprocessed for noise reduction using low-pass filter. Almost
always, high frequency noise in data needs to be removed. Therefore, non-linear, low-pass
Gaussian filters (Syed, 2009) can be employed for removal of high-frequency noise. After noise
reduction signals are normalized. In some cases gravitational acceleration has to be extracted
from accelerometer data in order to analyze only useful dynamic acceleration. For this purpose, a
mean filter can be used to remove the impact of gravity. For the segmentation of the signal, a
sliding window algorithm is applied that is popular for activity recognition as a simple and
online algorithm (Keogh, et al., 2001). Figure 3.9 presents an example of inertial sensors’ output
in different placement scenarios after sensor calibration and low-pass filtering. Some modes are
easy to identify, such as the dangling mode in which one axis of gyroscope has significantly
large magnitude due to the arm swing. However, other modes are quite similar to each other and
require pattern recognition algorithms for classification.

Figure 3.9: Calibrates accelerometers and gyros outputs in different placement mode
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3.3.3 What is the best sampling frequency?
The gravity component is usually found below
frequencies below
walking, the step time is

(

while human body’s movements have

of the signal energy is below
, so even with a data rate of

frequencies). In fast
steps can be

detected with at least several samples of each step.
There is a trade-off between sampling frequency from one side and sampling precision7 and
battery consumption from the other side. Moreover, a higher data rate means that more samples
are gathered in each window and the calculation of the features becomes more demanding.
Therefore, selection of the proper sampling frequency which is providing sampling accuracy as
well keeping the battery budget is an important issue. One of the settings options on the
sensor_reading application developed for gathering data (Appendix C) is the sampling rate8.
Sampling rate is available through android API and it has four options: normal, UI (user
interface), game and fastest sampling. Android API has provided sampling frequency in
symbolic categories and there is not a specific sampling frequency stated in the sensors’
speciﬁcations. Therefore, the measurements gathered in the different experiments have been
analyzed to characterize this parameter. The sampling frequency is not constant on smartphones
(measurements are not perfectly periodic due to device multitasking). The sampling is not the
most important activity of the phone and there are always interruptions from other applications.
The lower the sampling frequency is, the smaller the sampling period variation is going to be.

7

Sampling precision means how regular and even is the sampling periods (sampling precision is defined as the
percentage of uneven sampling periods compared to the average sampling period)
8
Using android.hardware.SensorManager which includes: listing sensors, sampling, some processing functions
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Table 3.4 illustrates the investigation of different sampling frequencies of Samsung Galaxy Note
7000 smartphone. The variations in sampling period are about milliseconds in Samsung Galaxy
Note 7000 (Table 3.4). It has to be considered that there are significant differences in the
sampling frequency values of different phone models. There is significant battery consumption
associated with high sampling rate. NORMAL sampling frequency has significantly lower
battery consumption than the others. Moreover, a higher data rate means that more samples are
gathered in each window and the features calculation becomes more complex. Consequently, the
normal sampling is enough to detect changes in orientation and movement to recognize activity.
To measure sampling rates precisely, the time stamp that comes with the sensor event is used and
interpolated. The sample rate used in data collection was either the normal option on the android
sensor event. The sampling rate of the data can be set using the time stamp in the preprocessing
GUI of the activity recognition module in MATLAB shown in Table 3.4.
Table 3.4: Investigation of different sampling frequencies of Samsung Galaxy Note 7000
Average

Max

Minimum

Battery consumption

Frequency

Frequency

Frequency

%/hour

Normal

4.74

4.81

4.49

1.71

User Interface

14.15

14.19

11.64

3.19

Game

32.55

32.8

22.75

3.27

Fastest

94.77

96.44

37.68

3.41

Label

3.3.4 What is the useful sensor information?
When facing activity recognition with mobile sensors, it is relevant to determine which set of
sensors are providing the better accuracy and offering enough quality. In this work, a Samsung
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Galaxy Note smartphone, equipped with accelerometer, gyroscope, magnetometer, proximity
and light sensors is used. Accelerometer sensors have been widely used for motion detection
(Bao & Intille, 2004), and step detection (for detection of walking mode). Gyroscope is another
useful sensor for activity recognition which captures user’s motion and device orientation
changes. Orientation determination is a signiﬁcant feature to distinguish among sets of on-body
device positions: vertical (pocket), horizontal (in hand while reading the phone) or random (bag,
backpack). Magnetometer sensor also helps determining the orientation as well as absolute
heading information (deviation from earth magnetic field). In addition to such physical hardsensors, orientation soft-sensor provided by android API can be used to estimate the device
orientation using the fusion of accelerometer, gyroscope and magnetometer signals. The
orientation information includes the angles (roll, pitch, and yaw) which describe the orientation
of the device coordinate system with respect to the local navigation reference frame. The output
of the orientation soft-sensor can be either used as an independent sensor or as a means to project
other sensor data from device’s coordinate system to the reference navigation system. Another
signal which can be used is the projection of the gravity vector onto the coordinate axis. This
signal approximately measures the orientation of the device, so it is used for the same purpose.
The useful set of sensors is the ones which have the most correlation with the activity classes.
There is a processing stage to analyze which sensor signals have the most useful information for
activity recognition. The classification accuracy and time efficiency of different sensors has been
investigated using all the activity and device orientation classes which are listed in Figure 2.2.
In this research, different motion sensors were used including: tri-axial accelerometer, gyroscope
magnetometer, orientation sensor and projection of the accelerometer, gyroscope and
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magnetometer signals using orientation angles. In this investigation, all the features have been
extracted from the datasets and a BN classifier applied for classification. Figure 3.10 gives the
overall accuracies for the recognition of the user’s physical activity, device placement, and both
activity and device placement modes while using the different set of sensors.
Classification performance using different sensors

Classification Accuracy

100
Activity Recognition Accuracy
80
60
Device Placement Recognition
Accuracy

40
20

Activity and Device Placement
Recognition Accuracy

0

Figure 3.10: Recognition accuracy using different set of sensors for different activity modes
(Classifier: Bayesian Network, Number of features: 46)
Time efficiency is a critical issue when using smartphones. Figure 3.11 shows time efficiency
obtained from different sets of sensors for the DB of all users and all activities. Although this
figure is showing the time consumption for a specific computer and DB, it is useful for
comparing the time efficiency achieved by using various sensors. Also in this figure, three
recognition scenarios were considered, including user’s physical activity, device placements, and
both activity and device placement modes.
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Time efficiency of using different sensors for the whole DB
7
Activity Recognition

Time (seconds)

6
5
4

Device Placement Recognition

3
2
1

Activity and Device Placement
Recognition

0

Figure 3.11: Time consumption of using different sensors for different activities modes
(Classifier: BN, Number of features: 46)
By comparing Figure 3.10 and Figure 3.11, it is obvious that although applying all the sensor
information leads to the highest accuracy, using accelerometer and orientation information has a
better balance between accuracy and battery consumption.
3.3.5 What is the optimum set of features?
After selecting the appropriate signals, the window size can be defined by clicking and dragging
the mouse on the shown signals or by entering the start and end point. To accomplish feature
extraction, the data is divided into two-second segments and features are extracted from 80
readings conducted within the two-second segments. The two-second duration has been chosen
because the experiments show that it provides sufficient time to capture meaningful features
involved in different activities. The signal windows have 50% overlap. To investigate the results
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of the feature extraction step, various combinations of sensors have been considered to find the
useful set of sensors for discerning each set of activity and device placement. As shown in
Figure 3.12 , a GUI has been developed for feature extraction. All the sensors and signals from
the previous step (preprocessing) can be used and shown in this GUI.

Figure 3.12: Feature extraction GUI from activity recognition module
(From left to right and up to down, this GUI includes: Data Selection, Window Size, Features,
Show Feature and Save Dataset panels)
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In the left panel there is a list of different features considered in this research. After selecting a
window of the signals (tri-axial accelerometer in Figure 3.12), various features can be extracted
from the selected data. By pressing the “Feature Extraction” button (Figure 3.12), selected
feature can be shown in the “Show Feature” panel. The computational complexity of the feature
extraction techniques is different.
Figure 3.13 indicates the time consumption of the feature extraction techniques in Matlab using a
CORE i7 CPU @ 2.7 GHz computer. It is noticeable that the histogram, wavelet and frequency-

Time(millisecond)

domain features have more computation in comparison with simple time-domain features.

18
16
14
12
10
8
6
4
2
0

Figure 3.13: Time efficiency of feature extraction techniques on a window of 80 samples
Although Figure 3.13 shows time efficiency obtained from a specific sensors and specific sample
numbers, it is useful for comparing the time efficiency achieved by using various features. Time
efficiency is a critical issue when processing different sensors and signals. However, there is a
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trade-off between recognition accuracy and time efficiency of the algorithm. There are no
theoretical guidelines that suggest the appropriate features to use in specific classification
situation. Therefore, a careful investigation of the available features is necessary to improve the
performance of the recognition method. A good feature space can often yield a simple and easily
understood classification techniques; a poor feature space may yield a complex classification
techniques whose true structure is difficult or impossible to discern. In the section 3.3.6, different
feature selection methods and their accuracies for activity recognition is discussed.
3.3.6 What is the best feature selection method?
In order to increase efficiency of activity recognition and reduce computations, a feature
selection method is applied. Optimum features are those with maximum correlation with the
class attributes and minimum inter correlation with the other features. In other words, if the
dimensionality of a feature set is too high, some features might be irrelevant and do not even
provide useful information for classification, and therefore the computation is slow and training
is difficult. The feature selection approach consists of detecting and discarding the features that
are demonstrated to minimally cause a correct response by the classifier. In this research four
different feature evaluation methods has been used including CFS (Correlation Feature
Selection), PCA (Principal Component Analysis), SVM (Support vector Machine) and gain ratio.
In the first case all of the 46 features have been considered and the overall accuracy of 99% is
reached. Then, using different feature selection methods is explored. CFS uses 28 uncorrelated
features which results in 88% overall activity recognition accuracy. PCA uses 12 independent
linear combinations of features and results in 87% recognition accuracy. The two other methods,
SVM and gain ratio use only four of the features to classify the data and provides recognition
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accuracy of 96.2% and 94.4% respectively in maximum case. Figure 3.14 illustrates the overall
classification accuracies of using different sets of feature for recognition of physical activities,
device placement, and both activity and device placement.

100

Classification Accuracy

80
60

User Activity

40

Device placement

20

Activity and Placement

0

Figure 3.14: Recognition accuracy using different number of features for different activity
modes (Classifier: Bayesian Network, Number of features: 46)
Table 3.5 lists the most efficient features in each case for activity recognition using SVM and
gain ratio feature evaluators. As it can be inferred from Table 3.5, SVM has the best recognition
rate of 96.2% between the other methods using only four features.
Table 3.5: Selected feature using SVM and Gain Ratio feature evaluator and their
corresponding recognition accuracy (Classifier: BN)
Recognition scenario

Selected feature (SVM)

Selected feature (Gain Ratio)

Quartile

Mean

Recognition of User

Standard Deviation

RMS

Activity

Spectral Energy

Freq. Range Power

Freq. Range Power

Spectral Entropy

70.6%

72.1%

Accuracy
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Recognition scenario

Selected feature (SVM)

Selected feature (Gain Ratio)

Freq. Range Power

Standard Deviation

Recognition of Device

Spectral Entropy

Freq. Range Power

Placement

Zero Crossing

RMS

Variance

Spectral Energy

98.1%

97.3%

Freq. Range Power

Mean

Recognition of Activity &

Spectral Entropy

RMS

Device Placement

Zero Crossing

Spectral Energy

Quartile

Freq. Range Power

96.2%

94.4%

Accuracy

Accuracy

3.3.7 What is the best classification algorithm?
The selected features are used as inputs for the classification and recognition methods. In this
stage, a number of features from the pre-selected feature set were used to train and test different
classifiers. Several classifiers provided by WEKA (Witten, et al., 1999), namely BN, NB and
ANN is evaluated and compared. Comparative studies on classification algorithms are difficult
due to the lack of universally accepted quantitative performance evaluation measures. Many
researchers use the classification error as the final quality measurement; therefore, this research
adopts a similar approach (Huynh, et al., 2008). An error or confusion matrix is often used to
evaluate the true labels and the labels returned by the classification algorithms as the quality
assessment measure. Table 3.6 shows Confusion matrix for 12 classes of activity and device
location when BN classifier is used. It can be observed that some of the activities (such as
walking and using stairs) and some of the device placements (such as on-belt and trousers front
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pocket position) were misclassified or cross classified. This can be improved by using new
features such as using a walking pattern (chapter 4).

Walking
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Hand
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Texting1
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Driving
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ElevatorTexting1
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Walking
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Walking
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Walking
Hand
Walking
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Walking
Texting1
Walking
Texting2
Walking
Talking
Transition
Driving
Dashboard
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Texting1
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Hand
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BN
classifier

Walking
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Table 3.6: Confusion matrix for 12 classes of activity and device location for BN classifier
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For evaluating the classifiers, F-measure accuracy (overall accuracy) of the test data has been
used in this research to evaluate recognition performance using the following formulas:

∑
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∑

where

indicates the number of true positive or correctly classified results,

of false positive or unexpected results, and

is the number

is false negative or miss-classified results. The

10-fold cross-validation is used to evaluate the classification models. By using this algorithm,
database of the test data have been randomly divided it into 10 equally sized folders. Each time
one folder has been chosen as the test data set and the rest as training data sets. After training the
classifier, an evaluation is made using the test data set to get the precision, recall and the Fmeasure for each activity. After each folder is tested, the average F-measure of all the folders is
computed as the overall result for the activities.

Figure 3.15: Recognition accuracy using different classifier for different activity modes
using four essential features selected by SVM method
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Table 3.7 shows the recognition rate for some of the activity modes using four features selected
by SVM feature evaluator and by applying various classifiers such as BN, NB and ANN. By
investigating each activity’s recognition rate, it can be inferred that the classification models
distinguish between the device placements and user activities with an overall accuracy of 95%.
Table 3.7: Comparison of different classifier in activity recognition of the DB of 120
minutes data using four essential features selected by SVM method
Classifier

Accuracy

Time

Bayes Network

96.21

0.72

SVM

85.45

0.76

Naive Bayes Classifier

84.2

0.04

J48 pruned tree

93.4

0.39

ANN(Multi-Layer Perceptron)

89.8

1.84

Although ANN requires more computational capabilities in comparison to Bayesian Network
and Naïve Bayes methods, the accuracies obtained from the three classifiers are close to each
other (Table 3.7). This could be the result of the fact that the activities are discriminated by the
four extracted features with a high accuracy.
3.4 Conclusions
This chapter presents an activity recognition system that employs a smartphone’s sensors
(accelerometer, gyroscope, and magnetometer) to monitor a user’s physical movements for
navigation applications. Different activities which are important in a navigation application, such
as walking, running, descending/ascending stairs and using an elevator have been explored, as
well as transitions between these different activities. No particular constraint on device
placement was imposed. Various common device positions were used such as being held for
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talking while on ear, held for texting, in a pocket, on a belt, in a bag and down at ones side
dangling naturally while walking.
The activity recognition algorithm is based on the learning capability from sample datasets.
Three recognition scenarios were investigated including - identifying the user’s activity, device
placement (where the mobile device is placed on the user’s body) and both user’s activity and
device placement modes simultaneously. This chapter investigated the best set of sensors to use
in smartphones and the optimum features needed for a simple and efficient classification solution
using the experimental tests conducted in this research to establish a good balance between
accuracy and computational cost.
In the first step, the number of input sensors signals has been investigated. Results showed that
using accelerometer sensors are efficient in recognition of user motions, but not enough for
recognition of device location and orientation; therefore, the orientation soft-sensor (based on the
fusion of accelerometer, magnetometer and gyroscope) is added as a new sensor reading, which
can relieve the effect of the orientation change on the performance of activity classification.
The second step was to select the best set of extracted features instead of using all of the timedomain and frequency-domain features to train the classifier. Experiments demonstrated that
when feature selection methods were applied, it was successful in removing redundancy in
features and thus reducing computational complexity. For activity recognition, four features have
been explored to reduce computational load without compromising accuracy. A set of four
essential features selected by SVM feature evaluator method includes Frequency Range Power,
Spectral Entropy, Zero Crossing and Quartile.
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Compared to the more complex classifiers such as ANN, the results showed that the Bayesian
Network classifier yielded a similar performance, having a more extensible algorithm structure
and requiring fewer computations. The Bayesian Network classifier provides an overall
recognition accuracy of

on a variety of six activities and six device positions using only

four features provided by SVM feature selection method.
As an improvement to the previous works, this study contributes to the intelligent navigation
computation domain by focusing on three issues: i) evaluation analysis for classifiers’ accuracy
and providing reliable results for selecting the best set of sensors and features to optimize the
performance of activity-logging applications on smartphones, ii) extensive analysis of the effect
of a separate estimation of user activity and device placement or considering both of them
together, iii) considering different placement of the mobile device without any assumptions on
fixing the device orientation.
Regarding the confusion matrices, it can be observed that some of the activities (such as walking
and using stairs) and some of the device placements (such as on-belt and trousers front pocket
positions) were misclassified or cross-classified. This can be improved by using new features
such as walking patterns. Also, the direction for further work includes collecting data in more
natural environments without researchers’ intervention and using a larger number of people to
test the reliability of the trained classifier in its recognition of new and unseen activity patterns.
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CHAPTER FOUR: Context Reasoning Using Decision-Level Fusion
A variety of context information sources from heterogeneous sensors are considered for PNS.
Each of these sensors has a different updating rate and accuracy level. The pervasive computing
community recommends that developing context-aware applications should be supported by
proper context modelling and reasoning techniques (Ejigu, et al., 2007; Bettini, et al., 2010 ).
Context-aware services are capable of reasoning about context changes to achieve appropriate
adaptations by using a context model. This technique reduces the complexity of context-aware
applications and improves robustness and usability.
The realization of context-awareness requires mechanisms that allow easier implementation of
applications which use context data. For example, decoupling the sensing layer from applications
is a crucial step in designing context-aware applications. To this end, software frameworks are
needed to standardize the communication between applications, sensors and services. Moreover,
to maximize the usefulness of context information for different services, designers need to create
simple and widely accepted models for context information, together with standard mechanisms
for accessing those models.
4.1 Context Modeling
A context-aware system PNS automatically recognizes user activity to find the best navigation
solution in a given situation (Saeedi, et al., 2012). Context information on a mobile device is
gathered from a variety of sensor and by using different procedures. Typically, three sources are
used to capture context information (Saeedi, et al., 2010). The first source of capturing
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information is via the user, every time (s)he updates user status or preferences. Although,
updates are rare occurrences, the information captured through this method can be used
immediately as context information. The second category of context sources is device sensors.
Some of the sensors’ raw measurements provide context information in a near real-time
procedure (e.g. user’s acceleration from accelerometer), while others have to be interpreted
before being usable by applications (e.g. PDR position estimation). The quality of context
information detected device sensors may be inconsistent, incomplete or even incorrect. Thirdly,
context information can be obtained from databases such as geographic map data. This type of
context most often contains data at a medium level of semantics and for that reason needs to be
interpreted (e.g., the geographic features enriched with tags and relationships); however, the
interpretation is specific for a certain application domain. A successful navigation context
modelling approach is recognized by considering the following issues:


Construction based on proper reasoning about context and navigation application



Consideration for heterogeneity of information and changing environment



Capturing the relationships between different types of context (i.e. activity, location
and time) to increase the robustness of the application’s behavior

Furthermore, Semantic representation of context data is important in determining the usefulness
of context modeling. Numerous devices need semantically rich descriptive context models to
provide a shared understanding (Saeedi, et al., 2010). Correspondingly, semantic knowledge is
necessary for handling user query. Hence, for processing context data, an algorithm should be
capable of processing not only contents but also the meanings (semantics) of data. Such an
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algorithm needs a context representation model that describes concepts, concept hierarchies and
their relationships.
4.1.1 Ontology-Based Context Modeling
The context modeling approach is based on an ontology that provides a vocabulary for
representing knowledge about navigation and describes specific situations based on the user and
domain context. Ontologies as explicit formal specifications of the terms in a domain and the
relations among them are a widely accepted tool for modeling context information in pervasive
computing domain (Bettini, et al., 2010). Ontology-based context model is the taxonomy of the
context concepts, their sub-classes, their relationships and rules. The main advantage of this
model is sharing common understanding of the context structure among users, devices and
services to enable semantic interoperability among them. The use of ontology makes the model
independent of programming and application environment. Given an ontology-based context
model, it becomes possible to share and/or integrate context among different sources. It also
enables reusing of domain knowledge in a PNS infrastructure. Most importantly, it enables
formal analysis of domain knowledge and context reasoning by explicitly defining ontology of
context. The available reasoning tools can be used to check consistency of the set of relationships
describing a context scenario. Using ontology, one can perform deeper knowledge analysis by
defining domain specific rules.
The context ontology should be able to capture all of characteristics of context information. First,
it is responsible for capturing a great variety of context. The upper ontology defines the basic
concepts of personal profile, location, computational entity and activity as shown in Figure 4.1.
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Figure 4.1: Context ontologies divided into high-level and low-level
The context ontologies are divided into high-level and low-level. The high-level ontology is a
generic ontology which captures basic context knowledge about the physical environments. The
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low-level ontologies are a collection of domain-specific ontologies which define details of
general concepts and their properties in each sub-domain. The low-level ontology in each subdomain can be dynamically plugged into and unplugged from the upper ontology when the
environment is changed. For example, when a user leaves home to drive a car, the indoor-domain
ontology can be automatically unplugged from the system; and the vehicle-domain ontology can
be plugged into the system.
Many ontology languages exist for representing the ontology-based model such as OWL (W3C
& OWL, 2005). OWL is a key to the Semantic Web and was proposed by the Web Ontology
Working Group of W3C. OWL is an expressive ontology language to facilitate greater machine
interpretability of web content by providing additional vocabulary along with a formal semantics
(W3C & OWL, 2005). It is a W3C standard for ontology and metadata representation. In this
research, context ontology modelling is using axiom such as owl:subclass, owl:inverseOf,
owl:unionOf, owl:disjointWith and owl:sameAs which are provided in OWL as shown in the
following example:
<owl: Class rdf:ID='Walking'>
<rdfs:subClassof>
<owl:Restriction>
<owl:onProperty rdf:resource='Steplength'/>
<owl:toClass rdf:resource ='#Activity'/>
<owl:classifiedAs rdfs:resource ='ftp://305678/classification#Reference'/>
</owl:Restriction>
</rdfs:subClassof>
</owl:Class>
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The ontology-based context metadata is generated using OWL and is stored in the repository and
retrievable by the inference engine. The data which is generated by sensors provides the
information used for service inference engine. In this research, Protégé-OWL editor (Knublauch,
et al., 2004) is used which supports the OWL descriptions of classes, properties and their
instances. Given such ontology, the OWL formal semantics specifies how to derive its logical
consequences, i.e. facts that are not literally present in the ontology, but are entailed by the
semantics.
4.2 Context Reasoning
Context reasoning techniques attempt to integrate different sources of information such as user’s
personal data, environmental sensors, and inferred contexts according to logical operation. The
important feature of the context model is the ability to support automated context reasoning
which is the process of reasoning about various types of contexts and their properties. Context
reasoning broadens context information implicitly by introducing deduced context derived from
other types of context. It also provides a solution to resolve context inconsistency and conflict
caused by imperfect sensing. Using the reasoning engine, deduced context can be inferred from
sensed, defined or aggregated context based on the classification scheme. Reasoning can be used
to detect an abnormal physiological condition on the user activity over time and track the
historical changes. However, the system needs the knowledge of experts to provide appropriate
guides. In this study, rules are generated based on the knowledge of an expert. The two semantic
inference methods are executed simultaneously in one inference engine utilizing the same
knowledge base.
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Sensed and inferred context data can be converted to useful information according to the context
model and inference rules. Therefore, the aim of context reasoning is matching and deducing
useful context using an ontology model and the axiomatic semantics-based inference and domain
specific rules. Moreover, by reasoning context classification, system is able to detect and resolve
context conflict.
The rule repository is composed of first-order logic predicates which are generated by the OWL
axiom. The OWL axiom provides the expressions defining the inheritance relationship between
an entity, an equality relation and an inverse relation. The OWL axiom is also used to infer the
uncertainly-defined features or meanings by chaining process. Defined rules can be dynamically
created, deleted and modified when the status of the user or service provider changes. An
example below shows deduced context (National park is not feasible) which can be inferred from
sensed context (location, time, and activity), defined context (user preference) and online
databases (weather):
WeatherCon(Weather, Rainy) ^ Location(Coordinate, value) ^ Activity(Device, Onwalk) ^
VisitePref(Members,Items) ^ Valid(Time, OpenItems)  FeasibleItem (NationalPark, NO)
In the rule based engine, different types of contexts have different levels of confidence. For
example, deductive user context calculated based on the data mining has less confidence factor
than the defined context which are provided by the user directly. On the other hand, the accuracy
of observed context is also contributed in the level of confidence for that context. For example,
in the location context, a GPS-based location sensor may have 85% accuracy rate whereas a
vision-based location sensor may only have a 60% accuracy rate.
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4.3 Context Reasoning under Uncertainty
Context-aware applications use context information to evaluate the user and/or to the
environment situation and reason about their adaptive decisions based on it. Reasoning
techniques can also be used to derive higher level context information from primary context
attributes (e.g. location, time, or activity of user). The choice of primary context attributes is
application-dependent. Given an application domain, a certain set of primary context attributes
can be used to build up efficient high-level context information.
Therefore, it is important that the context modelling techniques are able to support both
consistency of context with adaptive behaviour, and reasoning about complex contexts. In this
research a hybrid approach is used as an attempt to combine ontology formalism with fuzzy
reasoning techniques to better fulfill the identified requirements.
Uncertainty is an integral part of the extracted context information and it is mostly caused by the
imperfectness and incompleteness of sensed data and classification models. For example, it is
difficult to detect if the phone is in the pocket or on the belt based on low-level sensing
information such as accelerometer signals. In addition, the existing context recognition
mechanisms such as SVM do not consider uncertainty in their procedure. Hence, to have more
reliable results, the proposed system must have the capability of modeling as well as reasoning
about uncertainty. Most of the current approaches for activity recognition are data-driven (Bao &
Intille, 2004; Yang, et al., 2010; Pei, et al., 2010) which are based on the probability theory. This
research aims at integrating the data-driven paradigm with the knowledge-oriented paradigm to
solve activity detection problems considering expert’s rules and other information sources.
Therefore, in this research a fuzzy inference system (FIS) is used to transform the data into
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higher-level descriptions of human activities (Figure 4.2). The hybrid method is capable of
handling the uncertainty of the activities recognized using signal processing, removing the
conflicts and preserving consistency of detected activities, filling the gaps, and fusing various
sources of information.

Figure 4.2: Proceedure of high-level context detection

4.3.1 Fuzzy Inference System (FIS)
Most of the traditional tools for formal modeling, reasoning, and computing are crisp,
deterministic, and precise in character. But real situations are often uncertain or vague in a
number of ways. Due to the lack of information, the context information might not be completely
known. So, for working in real situations there are two problems: 1) real situations are very often
not deterministic, and therefore their description is not straight forward, 2) the complete
description of a real world system often requires far more detailed data than the sensors could
ever recognize simultaneously, process, and understand. In these situations, human decisions are
based on vague or imprecise concepts, which can often be expressed linguistically. Fuzzy logic,
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proposed by Zadeh (1965) is one of the popular approaches used to model this decision making
process (Saeedi, et al., 2008).
The classical (crisp) set is normally defined as a collection of elements or objects

that can

be finite, countable, or over countable. Each single element can either belong to or not belong to
. In this case, the statement “

a set ,

a three-tuple (x,

̃

, ) and can be formally defined as follows:

variable, e.g., “speed”.

} for the variable “speed”.

every term of

to a fuzzy set. Thus, if

fuzzy set ̃ in

is a set of ordered pairs:
̃

where

{

̃

is a mapping rule which map

̃

is a collection of objects denoted generally by , then a

|

}

is called membership function of

̃

is a name of fuzzy linguistic

is a set of terms which are the values of the fuzzy linguistic variable,

{

e.g.,

” is true. A fuzzy linguistic variable is

( 4.1 )

in ̃ that maps

to the membership space

The range of the membership function’s values are between
function,

̃

and

.

. Membership

is a mathematical function represents the magnitude of participation of each

input. There are different membership functions that can be associated with each input and
output response. One of them is the trapezoidal function,

{
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, defined as follows:

where

and

are rational numbers and a < b ≤ c < d. Another membership function is the

trapezoidal function,

, defined as follows:

{
The L-function is defined as:

{

Finally, the R-function is defined as the reverse of the L-function.
In order to reason about context information, fuzzy rules are necessary. Conditional statements,
rules, are things that make fuzzy logic useful. A single fuzzy if-then rule assumes the
form:

Where
The

and

are linguistic values defined by fuzzy sets on the ranges of

- part of the rule “

and , respectively.

” is called antecedent, while the then- part of the rule “

called consequent. The antecedent is an interpretation that returns a single number between
, whereas the consequent is an assignment that assign the entire fuzzy set

” is
and

to the output

variable . The rules use the input membership values as weighting factors to determine their
influence on the fuzzy output sets of the final output conclusion. Once the functions are inferred,
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scaled, and combined, they are defuzzified into a crisp output which drives the system. A general
fuzzy logic model is presented in Figure 4.3.

Human
Knowledge

Inputs

Fuzzification

Fuzzy Rule

Fuzzy Inference
Process

Input Membership
Function

Association
Rules

Defuzzification

Output

Output Membership
Function

Figure 4.3: Overview of fuzzy logic model
Interpreting an

is based on the evaluating the antecedent (which involves fuzzifying

the input and applying any necessary fuzzy operators) and then, applying that result to
consequent (known as implication). Fuzzy reasoning systems try to express the structure of the
decision-making system in the form of fuzzy

rules which provides mathematical

statements for fuzzy inference engine.
To define an

rule, it is necessary to determine the linguistic variables that contribute

to the definition of the object. This stage, which is the initial step in the fuzzy reassigning
process, is referred to fuzzification of input variables. This is then followed by the following
sequential: a) application of fuzzy operators (

) in the antecedent to compute the so

called firing strength of inputs, b) implication of antecedent to consequent, c) aggregation of
consequents across the rules and d) defuzzification process which can be performed by several
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approaches of: mean of maxima, centre of gravity, etc. There are several types of fuzzy
reasoning strategies. The most widely cited methods are: Min-Max, Max Dot, Tsukomato and
Takagi and Sugeno methods. Mamdani (Min-Max or Max-Dot) is the most widely used fuzzy
inference strategy and is well suited for different applications (Zimmermann, 1995). Thus, this
reasoning strategy is embedded into the fuzzy ontology modelling. Figure 4.4 demonstrates the
overall flowchart of a fuzzy inference engine.
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Figure 4.4: Flow of the fuzzy inference process; from (Samadzadegan, et al., 2002);
modified and extended
4.3.2 Extending Context Ontology with FIS
In section 4.1.1 an OWL context model is defined specifying time, activity, device position,
location, user, service and related concepts to provide a shared semantic understanding for
context-driven adaptation of mobile services. When uncertainty exist in the gathered context
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data, the context-aware system needs to consider the context quality parameters in OWL in order
to determine a high conﬁdence level of matching context information. In this research FIS is
considered to model the uncertainty of the context data. In order to extend and enrich the OWL
model with the FIS, a method introduce in (Ghorbel, et al., 2010) is used to model the
uncertainty and fuzziness of variables. In this section the syntax of the fuzzy extension of OWL
is described that is considered in this research. In this formalism, fuzzy sets of individuals and
fuzzy roles denote fuzzy binary relations. Fuzzy OWL allows to encode all the fuzzy variables
types (left-shoulder, right-shoulder, triangular and trapezoidal function). Also it considers fuzzy
or crisp concepts, rules and axioms. A fuzzy ontology organizes domain knowledge in terms of
7-tuple ̃

̃ ̃

̃

̃

, where C and P are a set of crisp concepts and crisp

concept properties defined for the domain. ̃ and ̃ are a set of fuzzy concepts and fuzzy
properties. R is a set of crisp binary semantic relations defined between concepts in C or fuzzy
concepts in ̃ and ̃ is a set of fuzzy binary semantic relations defined between the same
concepts.

is a set of crisp binary associations defined between fuzzy and crisp concepts and

̃ is a set of fuzzy binary associations in the same domain.

is a set of axioms. An axiom is a

real fact or reasoning rule.
4.4 Experiments and Results
The potential of the context reasoning approach is evaluated through an experimental test
conducted on a wide variety of activities dataset. A handheld prototype test unit has been used in
this research which is developed by MMSS research group at the University of Calgary. Multiple
sensors are integrated on the circuit board including MEMS tri-axial accelerometers
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(LIS3L02AS4), three orthogonal gyroscope (LISY300AL), three orthogonal magnetometers
(HMC1051/2), pressure sensor, temperature sensor and GPS receiver module (LEA-4T). The
device has a 16-bit high resolution analog-to-digital converter (AD7685) capable of sampling 16
channels of sensor data at a constant rate of 100Hz. The data collection is controlled by
microcontroller and the data are stored in a SD memory card for post processing.
4.4.1 Context Recognition using Feature-level Fusion
To accomplish feature extraction, the data is divided into two-second segments. The two seconds
duration has been chosen because the experiments show that it provides sufficient time to capture
meaningful features involved in different activities (Saeedi, et al., 2012). The signal windows
have 50% overlap. To investigate the results of feature extraction step, various combination of
sensors (accelerometer, gyroscope and magnetometer) have been considered. The best results
were acquired using three accelerometers and three gyroscopes to capture both translational and
angular accelerations of the device and the user. After training step, accelerometer and gyroscope
signals were collected in different situations including: walking around a tennis court with
different device orientations including belt, pocket, backpack, in-hand dangling, messaging and
close to the ear talking modes. Each orientation data were collected for

minutes from four

users. First, four user’s motion modes is considered including: Static, Driving, Walking, Stairsup/down and Elevator modes. Then for each motion class, different device positions were
examined. The classified results were compared to the known placement configurations to derive
the algorithm’s accuracy. Table 4.1 summarizes the results of the four classifiers in testing all the
activities. This result is for one-minute tests on each activity using a person who was not
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included in the training tests. As shown in Table 4.1, overall recognition accuracy of SVM
classifiers is highest. BN is the second most accurate algorithm.
Table 4.1: Performance of feature-level fusion methods and time efficiency of these
methods for processing of five minutes of each activity using a desktop computer
Classifier

Accuracy(%)

Time(s)

SVM

84.95

0.34

BN

80.12

0.32

kNN

78.45

0.66

ANN

76.96

0.21

As for the testing, there are two cases: test using the training data from the same user; test using
the training data from a different user. The classified results were compared with the known
placement configurations thus the algorithms accuracy can be derived. Figure 4.5 and Figure 4.6
show the overall accuracy of BN, kNN, ANN and SVM when the training and testing data are
from the same user and different users respectively.
1
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Figure 4.5: Classification accuracy (same user)
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Figure 4.6: Classification accuracy (a new user introduced)
From the above figures, it is clear that the classification performance for the same user is similar
for the three methods and the results show over 90% of accuracy for all scenarios. However, for
different user, the performances degrade distinctively and SVM gives the best overall results.
The misclassification of SVM can be better observed from the confusion matrix shown in
Table 4.2 and Table 4.3.
Table 4.2: Confusion matrix of the SVM (same users)
Back-pack

Belt

Dang-ling

Pocket

Talking

Reading

Backpack

91%

9%

0

0

0

0

Belt

4%

96%

0

0

0

0

Dangling

0

0

96%

0

4%

0

Pocket

0

9%

0

91%

0

0

Talking

4%

0

0

0

96%

0

Reading

0

0

0

0

0

100%
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Table 4.3: Confusion matrix of the SVM (a new user introduced)
Back-pack

Belt

Dang-ling

Pocket

Talking

Reading

Backpack

85%

8%

0

0

0

7%

Belt

7%

26%

0

65%

2%

0

Dangling

0

0

95%

0

3%

2%

Pocket

72%

3%

0

25%

0

0

Talking

0%

0

5%

0

94%

1%

Reading

0

0

5%

0

0

95%

Performance degrades when training and testing are from different users for three modes: belt,
pocket and backpack. More specifically:


“Belt” is often misclassified as “Pocket”;



“Pocket” is often misclassified as “Backpack”;



“Backpack” is sometimes misclassified as “Belt” and “Reading”.

This is expected since the way the users put their navigators in pocket and bags are actually quite
ambiguous. In this case, it might be practical to merge the three confusing modes together and
consider a universal PDR solution. However, talking, dangling and reading have good
distinction, even for different users. Therefore different PDR can be applied accordingly.
Figure 4.7 shows the recognition rate for each activity using SVM. By investigating each
activity’s recognition rate, it can be inferred that the user activities such as: driving, walking,
running, taking stairs and elevator modes have an accuracy of 95%. In contrast, the classification
models cannot distinguish between the device placements.
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Figure 4.7: Recognition rates for different activities using feature-level fusion (SVM)
4.4.2 Context Reasoning using Decision-Level Fusion
After context recognition, a pre-defined fuzzy reasoning engine was applied to model the context
uncertainty and incorporate new source of knowledge using human rules. FIS was used for
device placements and indoor/outdoor environment detection. Fuzzy reasoning is a method in
which the parameters that influence the decision making process can be realistically fused using
a human like reasoning strategy. This is achieved by defining the so called linguistic variables;
linguistic labels and membership functions (Zadeh, 1965). The fuzzy reasoning process is then
realized using the fuzzy if-then rules that enable the linguistic statements to be treated
mathematically (Zadeh, 1965). For this study, the fuzzy rules are determined using an
experienced operator and hence the context determination is made similar as much as possible to
the human operators mechanism. The FIS success depends on how well the linguistic variables,
membership functions and the related rules are defined. Following, fuzzy linguistic variables,
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membership functions and rules used in this experiment are discussed. Fuzzy linguistic variables
defined in this experiment are listed in Table 4.4. These variables can be obtained from different
sources of information such as GPS, temperature and GIS analysis.
Table 4.4: Definition of fuzzy input variables (Saeedi, et al., 2011)
LinguisticVariables

Values

Walking pattern correlation

Proper(>.7); Medium(>.2 & <.8); Poor(<.6)

Connectivity between activities

High(<.8); Medium(>.4 and <.7); low(>.5)

GPS DOP

Good (1-4);Moderate(5-10); Fair(10-20);Poor(>20)

GPS velocity

Driving(>6 (m));Pedestrian(<8 (m))

Temperature

Cold(<17 ○ c); Normal(<17 and <27○ c);Hot(>27 ○ c)

For each of the linguistic variables, membership functions are defined by an experienced person.
For example, Figure 4.8 shows the membership function defined for the walking pattern
correlation which is a trapezoidal function. To have a fuzzy definition for the concept of context
extraction, an output membership function must be defined as well. The output membership
functions take different contexts as linguistic variables. It varies between
context cannot be detected) and

(stating that the

(denoting perfect context detection possibility).
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Figure 4.8: Fuzzy trapezoidal membership function defined for the walking pattern
correlation
Having determined the linguistic variables and their corresponding membership functions, the
next step is to determine the fuzzy rules between the input and the output membership functions.
These rules are generated from association rules of the context DB and modified by an
experienced person (Saeedi, et al., 2011). Based on the defined membership functions and the
rules, fuzzy reasoning for the conjugate point determination is carried out in a Mamdani type
(Zadeh, 1965) fuzzy reasoning structure. In the following four sample rules for detecting context

Input2: GPSDOP

Rule 2: If walking correlation of in-pants-packet is “poor” and connectivity of
in-pants-packet is “medium” or “low” then context is “not in-pants-packet”

Input3:
Context
Connectivity

InputN:
Temperature

Rule 3: If temperature is “normal” and GPS-DOP is “poor” or GPS-DOP is
“fair” then environment is “indoor”

Rule N: If GPS velocity is “driving” and GPS-DOP is “good” or “moderate”
then environment is “outdoor”

Figure 4.9: Evaluation of fuzzy rules using FIS
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Inferred Context

Rule 1: If walking correlation of dangling is “high” and connectivity of
dangling is “high” and GPS velocity is “pedestrian” then context is “dangling”

Fuzzification

Input1:
walking
correlation

Implication, aggregation and Defuzzification

information are presented in the Figure 4.9.

Selecting the relevant input-output variables and choosing an appropriate set of rules have direct
influence on FIS performance. In designing rule repository, the designer can define specific
constraints to incorporate common-sense knowledge. This will reduce the amount of required
training data and makes the rule mining computationally efficient. An example of such a
constraint is that a person cannot drive while in an indoor environment. Therefore, the rule
repository is composed of a number of predicates generated by the user and designer along with
the mined association rules. These rules are stored in a KB that facilitates the modification,
updating or removing the rules. In the rule based engine, different types of rules have different
levels of confidence and reliability. The results of using the FIS are summarized in Figure 4.10.
Context reasoning layer helps make the context ready for applications and decisions using
available relations, concept and rules. Context reasoning consists of context Knowledge Bases
and context reasoning engines. The context reasoning engines provide the context reasoning
services by inferring deduced contexts, checking the consistency and monitoring the context
information. Sensed and inferred context data can be converted to useful information according
to the inference rules. Figure 4.10 depicts that using a context reasoning engine the overall
accuracy for different context information has enhanced significantly.
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Figure 4.10: Recognition rates for different activities using FIS decision-level fusion
Another critical factor of the system is its computation time. By evaluating time efficiency of
different steps in context recognition (Table 4.5), clearly the feature extraction is the most time
consuming procedure. The core signal processing and classification algorithms are written in C
programming language. Table 4.5 describes the time budget of each step in context detection for
five minutes of activities on a desktop computer.
Table 4.5: Time efficiency of different steps in context detection
Procedure

Time(s)

Signal pre-processing

0.8

Feature extraction

2.21

Classification

<0.50

Context reasoning

<1.1
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4.5 Conclusions
Thanks to the various sensors embedded in the smartphones, collecting a huge amount of data is
now possible. Therefore, the most suitable methodology for context detection is fusing multisensor and multi-source data. Since the context information may be acquired from multiple
distributed and heterogeneous sources, defining an appropriate strategy to integrate various
sources of information is necessary. In order to develop an approach for extracting context
information, two levels of fusion is used in this research:
a) Feature level fusion algorithms to combine data coming from different sensors by
extracting useful features.
b) Decision-level fusion algorithms, used to detect high-level context information from
multiple information sources and user constraints.
Feature-level fusion has the learning capability from sample datasets. Results of this chapter
show that feature-level algorithms are efficient in recognition of user motions, but inefficient in
recognition of device location and orientation and when a new user is introduced to the system.
One of the drawbacks of such methods is that they are not good for human interpretation of their
internal representation and they cannot use human-like rules. On the other hand, most of these
methods are based on the probabilistic assumptions of conditional independency and Gaussian
distribution of probability distribution function. In contrast, Decision-Level Fusion using fuzzy
inference engine is based on human readable fuzzy rules. Context reasoning engine can improve
consistency of decisions and handle uncertainty of classification using appropriate rules. This
method is also efficient in Computations. However, the construction of fuzzy rules & the
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determination of membership functions are subjective. To cope with uncertainty in context
detection, the hybrid method was investigated using a combination of learning based on SVM
and explicit rules written in possibility using FIS. The accuracy of the hybrid method is better
than each method and is 97%, which is very promising for context-aware navigation scenarios
(Table 4.6).
Table 4.6: Comparison of multi-layerfusiontechniques’accuracy
Method

Overall Accuracy (%)

Feature-Level Fusion(SVM)

84.96

Decision-Level Fusion(FIS)

43.0

Fusion of SVM and FIS

97.1

This study contributes to the intelligent navigation computation domain using multi-level
information fusion. As an improvement to the previous works, accelerometer and gyroscope as
well as other sensors such as GPS are integrated to recognize activity context more reliably.
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CHAPTER FIVE: Context-Aware Pedestrian Navigation Using Sensor-Level Fusion
Position determination in PNS is mainly based on the GPS or assisted GPS. However, it is a
challenging task in signal-denied environments such as dense urban canyons and deep indoors
where GPS signals are unavailable or degraded due to the multipath effects. Therefore, multisensor integrated navigation systems are required for assisting GPS sensors. Recent advances in
MEMS technologies have empowered the deployment of multiple sensors on the mobile devices
such as smartphones. MEMS inertial sensors (i.e. accelerometer and gyroscope) have offered a
good potential to bridge GPS signal gaps for positioning purposes (Zhao, et al., 2009). The main
drawback of using inertial sensors is that the position estimation is based on the previous states
of the system; therefore, after a short period of time low-cost sensors measurements typically
result in large cumulative drift errors unless the error are bounded by measurements from other
systems (Aggarwal, et al., 2010). Another solution is the vision-based navigation using video
camera sensors embedded on the smartphones. Generally, vision-based navigation systems use
two approaches: estimation of absolute position information using a priori formed databases
which highly depends on the availability of image database for that area (Zhang & Kosecka,
2006) and estimating relative position information using the motion of the camera calculated
from consecutive images which suffers from cumulative drift errors (Ruotsalainen, et al., 2011;
Hide, et al., 2011).
As mentioned in chapter 1, the major challenges in pedestrian multi-sensor navigation are
sensors’ placement impacts on the positioning solution. Therefore, it is necessary for a mobile
navigation application to be aware of user activities and device placements context for selecting
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the appropriate algorithm for each case. For example while the user is walking, a customized
PDR algorithm can be used to bridge the GPS gaps. Using a context-aware PDR navigation is
the first application scenario discussed in section 5.1. In the section 5.2, the second application
scenario, vision-aided pedestrian navigation is illustrated. In this scenario, when the context
information shows that device is in “texting” or “talking” mode, the observation from camera
can be integrated with GPS sensor to improve and validate the pedestrian dead-reckoning
algorithm.
5.1 Adapted Pedestrian Dead Reckoning (PDR)
PDR includes the solution of the navigation equations by estimating the user’s position, velocity,
and attitude (PVA) in a reference navigation frame from sensor measurements in the body frame
of the user (Syed, 2009). By exploiting the kinematics of human gait with the traveled distance
and heading information, pedestrian dead reckoning method minimizes sensors integration errors
and drifts. Essentially, the dead reckoning (DR) is the determination of a new position from the
knowledge of a previous known position utilizing current distance and heading information. As
such, DR consists of three important components: step detection at time t; stride length
estimation of the distance traveled by the user since last step
heading ( ) during the time

to . The coordinates

a previously known position

[ ]

[
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]

) and the user’s

of a new position with respect to

can be computed as follows:

[ ]

(

In practical deployment of portable navigation units, the unit can be working in many placements
and configurations. There is no way to guaranty that the sensors inside the units are placed
perfectly aligned with the direction of travel. Consequently, PDR heading and correct gait
information from accelerometers cannot be obtained unless the user placement context is
correctly identified. Therefore, in this section an adapted PDR is developed which is customized
based on the device placement context. As shown in Figure 5.1, context detection module detects
activity and placement modes. Then proper pedestrian dead reckoning algorithms are selected
according to the identified context information.

Context Recognition Module
User Activity
Accelerometers

Device Placement

Pedestrian dead reckoning algorithm
P, V, A

Gyroscopes

Step detection
ZUPT

External
Aiding

Stride length
estimation

Heading
estimation

Alignment
Estimation

Figure 5.1: Software architecture for multi-sensor integration
PDR systems are usually divided into three steps. First step is detecting steps to estimate stride
length as the second step and the last one is estimating users heading. Details of PDR’s three
steps of are discussed in the following sections. In the proposed adapted PDR solution, a contextaware step detection algorithm is developed to count the number of steps in different modes.
Also difference between the device’s heading and user heading can be estimated based on the
device placement context. In addition, the initial attitude can be estimated if zero velocity periods
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are detected from Zero Velocity Update (ZUPT) detector module, otherwise some external aiding
sources from magnetometers or GPS are required to solve the heading ambiguity.
5.1.1 Step Detection Algorithm
The acceleration signal closely depends upon the posture and gait of the individuals. If a gait
cycle is considered, normally one step consists of two positive peaks, which occur when the foot
lifts off the ground and heel strikes the ground, respectively. In most literatures, the calibrated
accelerometer signals are used for step detection (Zhao, et al., 2010; Ying, et al., 2007). Peak
detection of the accelerometer is performed, which checks the peak point periodically within a
sliding window against a certain threshold. When the accelerometer signal exceeds the setting
threshold value and within a reasonable step range window, a step is declared. The accelerometer
signals show considerable difference in morphology and amplitude among the individuals in
different user contexts. In this research an adapted algorithm is designed which is suitable for
different user’s modes, without any user-specified parameters.
State of the art of step detection algorithm shows that two important methods have been
investigated for step detection (Ying, et al., 2007): Pan-Tompkins Method, and templatematching method. These algorithms and their preliminary results on the data are described in the
following sections. Then, a context-aware step detection algorithm is introduced to select the
effective accelerometer axis for step detection.
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5.1.1.1 Pan-Tompkins Method
This algorithm is an adaptive threshold-based peak detection that includes a series of filters,
amplification and signal modulation (Ying, et al., 2007). Figure 5.2 illustrates the schematic
steps of this algorithm.

Band-pass
filter

Derivative
operator

Moving
window
integrator

Squaring
operator

Peak search
operator

Figure 5.2: Procedure of Pan-Tompkins method
As shown in Figure 5.2, at first a band-pass filter is applied to reduce the influence of noises on
the signal. For step detection, a digital low-pass filter is designed with the transfer function of
and a cut-off frequency of 20 Hz (Syed, 2009) is applied. Then a derivative operator is
applied to suppress the low-frequency components and enlarge the high frequency components
from the high slopes. In the third step a squaring operator is used to generate positive values and
enhances large values more than small values. As shown in Figure 5.3, the squaring operator
increases the high-frequency components further. The output resulted from the preceding
operation in Figure 5.3 exhibits multiple peaks and hence needs to be smoothed. It is smoothed
through a moving-window integration filter.

[ (

where

)

(

)

]

is chosen to be the number of samples that occurs within 0.3 sec (second) based on the

normal step frequency which is 3.3 Hz empirically. An experiment is made to investigate the

123

abilities of this algorithm for step detection using the accelerometer signal. Below figures
illustrate the effect of the above procedure.

Figure 5.3: A sample results from Pan-Tompkins method when the mode is walking while
talking on the phone
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5.1.1.2 Template-Matching Method
In this method, a template is generated which represents a typical step cycle. A step is detected
when there is a match between the signal and the template to certain threshold. Figure 5.4
illustrates a flow chart explaining the template matching method.
Select a new data
block

Low-pass filter
No
Is template
existed?

Generate a
temporarily template

Yes
Peak detection
No

Is template
updated?
Yes
Compute the
template

Figure 5.4: Flowchart of the template matching algorithm
Initially, the whole signal is broken into non-overlapping data segments of 10 second containing
eight step cycles. Then the signal is filtered by a low-pass filter with cut-off frequency of 20 Hz.
Next, the algorithm checks whether there is any template present in memory. If not present, the
first step cycle is extracted as a temporary template. This template is moved across the whole
data segment and the normalized cross-correlation (R) is calculated between the template and
signal using the following equation:
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√

where

√‖ ‖ ‖ ‖

is cross-correlation of template and signal,

signal segment and template respectively,

and

are auto-correlation of

is the inner product of template and signal

segment, ‖ ‖ and ‖ ‖ are the norm of the signal segment and template vector respectively.
Normalized cross-correlation is a measure of similarity of template and accelerometer signal.
The maximum value is 1 for the absolute identity, which allows setting a uniform threshold for
all the data despite different amplitudes. Next, the positive peaks of steps, which occur when the
feet lift off the ground, are detected. A more representative template should be generated instead
of the temporary template, when the peaks in the first data block are detected.
5.1.1.3 Context-Aware Step Detection Method
Since the device can be placed randomly, selection of the effective accelerometer axis is
essential for step detection. For example, if the norm of acceleration signal is considered, it does
not give the best step detection result in any device orientation and placement. That is why a
context-aware step detection algorithm sounds promising. According to Figure 5.5, for those
modes where the device is mounted vertically, such as in-belt mode, the z-axis signal has the best
correspondence to gait cycles and should be chosen for step detection. However, in some modes
such as texting mode, the unit is placed horizontally in front of the user. In these cases, the y-axis
accelerometer becomes much more distinctive for the step detection, as can be clearly seen in
Figure 5.5. Therefore, the algorithm switches to y-axis for step detection.
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Figure 5.5:Differentpatternofstepsinasamplescenario(Theuser’smodehasbeen
detected and the pattern for 10 sec has been shown)
One special mode for step detection is the device is in hand while hand-swing. In this case, the
accelerometer fluctuations no longer reflect footsteps but indicate arm swings. As illustrated in
Figure 5.6, a complete gait cycle is defined as the heel strike of the same foot twice, and it
corresponds to complete swing cycle of each hand in a natural walking. Consequently, as
opposed to the modes mentioned above (where the accelerometer senses the strike of both feet
and have two peaks in a full gait cycle), the accelerometer output in dangling mode has only one
peak corresponding to the arm swing. As can be seen in Figure 5.5, x-axis is the best signal for
the step detection for this placement.
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Figure 5.6: Period of a complete gait cycle (Kwakkel, 2008)
In the designed method after choosing the proper signal for step detection, a low-pass filter is
applied. A sliding window of

sec is considered for computing accelerometer variance over

‘ ’ samples. One advantage of the variance method is its effectiveness in removing any sensor
bias. By using a conventional peak detection algorithm, the system tries to ﬁnd the peak values.
When a peak is found, the system tests the following conditions to detect a new step.
1. Whether the absolute value of that peak ( -th peak) is above the minimum threshold:
| |
2. Whether the time since the last walking detection is greater than some minimum period:
|

|

Any declared step with interval less than
rarely higher than

second is rejected as walking frequency is

.

If the above conditions are true, then the system increases the step count, and performs the
dynamic step size estimation.
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5.1.1.4 Performance Analysis
The four mentioned algorithms were used to count the steps for four subjects (two males and two
females) in different condition of ground and about two minutes for each context. In this test the
Samsung Galaxy Note smartphone is used for data collection. The results were compared with
the real number of steps provided as a reference using a video recording. Table 5.1 shows the
results for three step detection algorithms.
Table 5.1: Error rates of three step detection algorithms using accelerometer signals
Different Activities
Algorithms

Different Placement

Run
Texting
(1 hand)

Walking
Texting
(1 hand)

Walking
Texting
(2 hand)

Walking
In hand
talking

Walking
In hand
dangling

Walking
In
Pocket

Walking
On
belt

Walking
In
backpack

PanTompkins
method

53.1%

63.4%

83.2%

34.8%

19.5%

25.1%

42.8%

18.9%

Templatematching
method

62.2%

75.8%

86.1%

36.8%

32.4%

21.7%

49.7%

23.4%

Contextaware
method

72.4%

91.6%

87.5%

83.2%

80.7%

86.1%

89.4%

81.4%

The template-matching and Pan-Tompkins method have the same performance while there are
no changes in the user’s activity and placements. However, the designed context-aware method
outperforms all of the others while there is a change in the user’s context. The context-aware
method has a number of improvements to the conventional algorithm. The algorithm is simple,
fast, and works well for walking, running, and different device placements. A few small changes
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and adaptive thresholds avoid some of the failure modes. Table 5.2 wraps up the comparison of
these methods.
Table 5.2: Comparison of four step detection algorithms
Method

Pros

Cons
The positive and negative slopes can

PanTompkins

Easy to implement

result in false peak searching
Not appropriate for different context

method
Templatematching

The performance depends on the first
Detecting the steps self-adaptively

template which may not approximate
the real step signal

method

Computationally costly
Outperform the other methods when

Contextaware
method

the context changes
Detect steps in each mode using the
appropriate signal

Needs an accurate context detection
algorithm

Adaptive thresholds for peaks and
time between peaks

5.1.2 Stride Length Estimation
Once the step is properly detected, the stride length is estimated based on a method developed by
MMSS group which is based on the frequency of the detected step (Zhao, et al., 2010). The
stride length is defined as the traveled distance between two heel impacts. A linear relationship
can be built to relate the step frequency fk to the stride length
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.

where the kth step was detected at time tk from the previous step at tk-1. This method involves
computation of a linear mathematical model between the step frequency and the stride length by
curve fitting of various test conducted by different subjects (Figure 5.7).

Figure 5.7: Linear regression of step frequency vs. stride length (Zhao, et al., 2010)
From the field test, a unique model fits for most placement modes except for dangling mode,
where the detected step frequency is half of the foot step frequency. Therefore, the stride length
needs to be multiplied by two, accordingly.
5.1.3 Heading Estimation
Finally, user’s heading is estimated using gyroscope signals. If the heading gyroscope is well
aligned with the body, the heading (

can be determined by integrating the gyroscope output

( ) during the gait cycle t0 to t1 as shown in following equation.

∫
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For an arbitrary placement configuration, the best heading gyroscope is in the direction of the
accelerometer which is used in step detection. For example, if
for step detection, the

axis accelerometer is utilized

axis gyroscope can be used for heading determination. However, as the

device is tilted on the human body, there is a misalignment between the measured gyroscope
signals in the body-frame ( ) and the true attitude in the local-level frame ( ) which should be
estimated and accounted for (appendix B). The transformation matrix from body-frame to locallevel frame is calculated as (Shin, 2005):

where

,

and

are the initial yaw (azimuth), pitch and roll angle of the device. Then the

measured gyroscope vector

can be transformed into local-level frame

. Furthermore, if

zero speed of the user is detected, the pitch and roll angle can be initialized by the following
equations:

where

and

are

and

(

)

(

)

accelerometers measurement. If the ZUPT is not available when

the user is constantly moving, moving average of

and

accelerometers can be used to estimate

roll and pitch, since the cyclic variations of the gait cycle are mostly cancelled if integrated over
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a time period of seconds. Finally, the initial azimuth is estimated from some assumption of
placement, for example, the users are most likely to place the device in front of body when in
messaging mode. While in belt mode, they put it on the side of the belt. For absolute heading,
external aiding such as from magnetometer or GPS is needed.
5.1.4 Experiment and Results
For testing the context-aware PDR, extensive pedestrian field tests have been performed based
on the portable prototype unit. As shown in Figure 5.8, a handheld prototype test unit is
developed by MMSS Group at the University of Calgary. Multiple sensors are integrated on the
circuit board including MEMS tri-axial accelerometers (LIS3L02AS4), three orthogonal gyros
(LISY300AL), three orthogonal magnetometers (HMC1051/2), pressure sensor, temperature
sensor and GPS receiver module (LEA-4T). A 16-bit high resolution analog-to-digital converter
(AD7685) sampled 16 channels of sensor data at a constant sampling rate of 100Hz. The data
collection is controlled by microcontroller and the data are stored to a SD memory card for post
processing by the dedicated software (Zhao, et al., 2010).

Figure 5.8: Prototype system
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A dataset with two combined scenarios was collected for testing the total classification and
navigation solution. The user walked along the sideline of a tennis court in a close square loop.
During the loop, the user changed the placement twice before and after making turns which
represents a very challenging situation for navigation. In the first test, as shown in Figure 5.9, the
user started in belt mode, then he took out the unit, put near the ear and entered talking mode
during the walk, after making two 90-degree turns, the user finally held the device in hand and
let it dangling with the hand during the walk.

(a) Tri-axial gyroscope output

(b) Tri-axial accelerometer output
Conventional
Context-aware

(c) Step detection using appropriate accelerometers

(d) Navigation solution

Figure 5.9: First field test: Belt-Talking-Dangling combination (Zhao, et al., 2010)
The gyros and accelerometers output are plotted in Figure 5.9 (a) and (b). Using the
classification algorithm, the system recognize the mode change and adapt the most suitable step
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detection automatically, the selected accelerometer axes during this process is shown in
Figure 5.9 (c). Finally, a comparison of PDR solutions between the classified placement and
unclassified (conventional) algorithm is shown in Figure 5.9 (d). As can be seen, without this
placement awareness and using the initial placement only, the solution is totally misleading and
unable to discern turns. As it is illustrated above, the error of PDR compared to the reference
tennis court is reduced from

meters in the case of using conventional PDR method to

meters in the case of using context-aware solution. Table 5.3 summarizes the navigation
performance of the conventional and context-aware PDR navigation.
Table 5.3: Improvement in context-aware PDR navigation in compare with the
conventional PDR navigtion in the first test
Navigation

Root Mean

Standard

Minimum

Maximum

Solution

Square Error (m)

Deviation (m)

Error (m)

Error (m)

Conventional PDR

29.65

17.89

4.72

32.03

Context aware PDR

7.04

0.96

4.07

9.44

Similarly, in the second test, the three combined placement modes are pocket, reading and
talking. The results are shown in Figure 5.10. As previously shown for context-aware PDR
navigation, the error of PDR compared to the reference tennis court is reduced from
in the case of using conventional PDR method to
solution.
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meters

meters in the case of using context-aware

(a) Tri-axial gyroscope output

(b) Tri-axial accelerometer output
Conventional
Context-aware

(c) Step detection using appropriate accelerometers

(d) Navigation solution

Figure 5.10: Second field test: Pocket- Reading-Talking combination (Zhao, et al., 2010)
Table 5.4 summarizes the navigation performance of the conventional and context-aware PDR
navigation.
Table 5.4: Improvement in context-aware PDR navigation in compare with the
conventional PDR navigtion in the secomd test
Navigation

Root Mean

Standard

Minimum

Maximum

Solution

Square Error (m)

Deviation (m)

Error (m)

Error (m)

Conventional PDR

34.6

19.02

18.87

36.91

Context aware PDR

8.2

1.32

7.81

10.02
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5.1.5 Conclusions
Once context detection is performed, proper pedestrian dead reckoning algorithm can be applied
accordingly. Step detection achieves high detection rate when proper accelerometer is selected
based on the placement mode. Then stride length can be estimated using the linear model
between detected step frequency and stride length. Finally, heading information can be derived
after the proper alignment. Pedestrian field tests have been performed to verify the algorithms.
The results are promising for combined placement modes. Thus the concept is proven and the
algorithms showed great potential for accurate, reliable and seamless indoor navigation and
positioning in real time for arbitrary position of the prototype unit.
As previously explained in section 5.1.1, context-aware step detection has the overall accuracy of
83.54% which is considerably better than other step detection methods with the overall accuracy
of 39.64%. Also the error of PDR compared to the reference tennis court is reduced by 23% in
the case of using context-aware PDR solution.
5.2 Vision-Aided Pedestrian Navigation
Modern smartphones contain a number of low cost MEMS sensors (e.g. magnetometer,
accelerometer, and gyroscope) that can be used for integrated ubiquitous navigation even if GPS
signals are unavailable. Vision sensors are ideal for PNS since they are available in good
resolution on almost all smartphones. Therefore, in this section, a vision sensor is used to capture
the user’s motion parameters using consecutive image frames and to provide navigation aid
when measurements from other systems such as GPS are not available. This system doesn’t need
any special infrastructure and makes use of camera as an ideal aiding system.
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Since mobile users carry the device with different orientation and placement, in almost
everywhere (indoor and outdoor environments) while doing various activities (such as walking,
running and driving), a context-aware vision-aided navigation service is proposed in this section.
This service is aware of user and device context to use appropriate algorithm for each case. For
example, when the context information shows that device is in “texting” or “talking” mode, the
observation from camera can be used for navigation. After detecting the context information, a
low-cost integrated positioning algorithm has been employed to estimate pedestrian navigation
parameters. The method is based on the integration of the user’s relative motion estimation
(changes of velocity and heading angle) based on the video frame matching and absolute position
information provided by GPS. A Kalman filter (KF) is used to improve the navigation solution
when the user is walking and the phone is in his/her hand. The Experimental results demonstrate
the capabilities of this method for outdoor PNSs.
5.2.1 Vision-Aided Pedestrian Navigation
Recently, by increasing resolution of digital cameras and computing power of mobile devices,
visual sensors have gained a great attention in the positioning research community (Saeedi, et al.,
2009; Saeedi, et al., 2012). Therefore, they are being used for motion detection, obstacle
avoidance, and relative and absolute localization. Vision- aided navigation has already been used
for decades in navigation of robots (Corke, et al., 2007); however, deploying it in pedestrian
navigation has become a research topic only in the last few years (Hide, et al., 2011; Steinhoff, et
al., 2007; Ruotsalainen, et al., 2011). The focus of the vision-aided navigation research
community is mainly in using a priori formed databases. When a match between images in the
database and the ones taken by a pedestrian is found, the absolute position can be obtained
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(Saeedi, et al., 2012). This procedure needs a priori preparations and highly depends on the
availability of image database for the case study. On the other hand, another group of algorithms
with a wide range of applications deploy real-time motion estimation of a single camera moving
freely through an environment (also known as visual odometry). This estimation can be helpful
in detecting displacement and orientation of the device and estimating the user’s turns (Hide, et
al., 2011). This can be useful in position and heading estimation of pedestrians. However, there
are various problems while processing the video frames from a mobile device’s camera. First of
all, the measurements are relative; therefore, estimation of absolute quantities needs proper
initialization of the navigation parameters such as initial value for position and orientation.
Moreover, the observation scale cannot be obtained using only vision system and another sensor
or a known dimension reference has to be used in order to retrieve the scale of the observation.
Also the orientation of the mobile device affects the heading and velocity information. In this
research, a low-cost context-aware PNS is proposed that is capable of localizing a pedestrian
using fusion of GPS observations and vision sensor.
5.2.2 Computer Vision Algorithm for Visual Odometry
Motion estimation from video is a well-studied research in computer vision community. Existing
approaches for motion estimation are mainly based on either dense optical flow or sparse feature
tracking techniques (Steinhoff, et al., 2007). In this research, a computer vision algorithm is
developed to find the motion vector between two successive frames using an image feature
matching algorithm. The motion vectors between two successive frames are then employed for
estimation of forward motion velocity and the azimuth rotation angle.
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The most common method for image feature matching is the cross-correlation method. In this
technique, the normal cross-correlation between two images mask is computed, and the
maximum correlation is chosen as the matched location. Although, it is a simple method, it needs
high computation power and is sensitive to radiometric and geometric deformations between two
image frames. Recently, a variety of local invariant descriptors have made remarkable progresses
such as SIFT (Scale Invariant Feature Transform), PCI-SIFT and SURF (Speeded Up Robust
Features). These methods show excellent performance for image transformations, scale changes,
rotation, blur, and illumination changes, etc. (Bay, et al., 2008). To detect the motion vectors,
interest (key) points are detected from the frames using SURF (Speeded Up Robust Features)
algorithm. The SURF key point detection is based on a scale space theory which makes excellent
scale-invariant property. The detector used in SURF feature is the Fast-Hessian detector (Bay, et
al., 2008). The Hessian matrix of a 2D (2 Dimensional) point
scale

in image

at

is defined as:

[

where
example,

]

and

are the second-order partial derivatives. For

is defined as the convolution of the second order derivative Gaussian

function (equation 5.15) with the image

(

at the point

(
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To speed up the algorithm, second order Gaussian partial derivatives can be approximated by
box filter and convolution by integral image. Then, the Hessian’s determinant is:
(

where

and

)

are the convolution of each box filter and the image respectively. In the

scale space pyramid of the original image, the approximated determinant of the Hessian matrix at
each scale is calculated; then, the non-maximum suppression in a

neighborhood is

applied to find the maxima. After the interpolation in both scale space and image space, the
stable location of SURF key point and the value of located scale can be obtained.
In order to be invariant to rotation, the reproducible orientation for the key points is identified.
For this purpose, the Haar–wavelet responses in x and y direction are computes in a circular
neighborhood of radius 6

around the key point (Bay, et al., 2008). Then, the responses

are weighted with Gaussian (2.5

) centered at the interest point; and, the dominant

orientation is defined by the longest vector calculating from all responses in a sliding orientation
window of size

. Then, for each extracted key point, a description vector can be constructed

using the sum of the Haar wavelet response around the point of interest. A square neighbourhood
of the size 20 is considered around the key point and based on the dominant orientation,
sub-regions can be constructed. In each sub-region, a descriptive vector v is computed based on
the below formula:

∑

∑

∑|

| ∑|
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|

where

and

are the horizontal and vertical Haar wavelet response. The wavelet responses

are invariant to a bias in illumination (Bay, et al., 2008).
SURF key points are extracted in both successive frames, and then, RANSAC (RANdom
SAmpling Consensus) method (Fischler & Bolles, 1981) is used to realize the matching of key
points (Bay, et al., 2008).The flowchart of motion vectors detection algorithm is shown in

Description of
SURF key-point
Description of
SURF key-point

SURF Key-point
Detection

SURF Key point
Detection

Image frame at
time 𝑡

Image frame at
time 𝑡
∆𝑡

Figure 5.11.

Matching Key-pint
using Euclidean
distance of
descriptors

Candidate
Motion
vectors

Filtering motion
vectors using
RANSAC based on
discrepancy in
length/orientation

Average
motion
vector

Forward motion
velocity

Azimuth angle

Figure 5.11: Flow chart of the computer vision algorithm
The matched detected interest points of two successive frames are determined using Euclidean
distance between the descriptors of those points. Then, the candidate motion vectors are defined
as the vectors starting form an interest point in the first frame and ending at their corresponding
matched point in the next frames.
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(a)

(b)

Figure 5.12: The matched features, candidate motion vectors (red), and acceptable motion
vectors using RANSAC in two different cases: a) forward motion and b) change of the
heading
As shown in Figure 5.12, some of the matched points could be incorrect due to the existence of
repeated similar points in the frames. Therefore, the candidate motion vectors should be filtered
out to remove the inconsistent vectors. This filtering is based on discrepancy in length or
orientation of the vector. The RANdom SAmple Consensus (RANSAC) algorithm (Fischler et
al., 1981) is used to find the parameters of a mathematical model from an input dataset with a
large proportion of outliers. This algorithm estimates the parameters of a motion vector (length
and orientation) using the maximum number of compatible vectors. This is an iterative algorithm
that computes the difference between length and orientation of the input set with the estimated
motion vector for each epoch. An advantage of RANSAC is its ability to do estimation of the
vector parameters with a high degree of accuracy even when a significant number of outliers are
present in the data set. However, it needs problem specific threshhold and when the number of
iterations computed is limited the solution obtained may not be optimal. Another disadvantage of
RANSAC is that it requires the setting of problem-specific thresholds.
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Accepted motion vectors are then averaged to get the average motion vector. The accuracy of
their average motion vector is highly depending on the number of the compatible vectors and
variance of the angles and lengths of these vectors. Figure 5.13 shows the number of acceptable
motion vectors from the first

motion vectors detected as the best match in the successive

frames. Under the assumption of having context information of the hand-held device alignment
(texting mode and landscape/portrait forward alignment), the vertical component of the average
motion vector is a measure of the forward motion speed between the two frames. The horizontal
component of the average motion vector is a measure of the azimuth change between two
successive frames.

Figure 5.13: The number of the acceptable motion vectors from 20 best matched features
on consecutive frames
To calibrate the scale approximation between the motion vector and both the forward velocity
and the azimuth changes, a reference track is navigated using the motion vector only. The
transformation parameters between the motion vector and forward speed and azimuth change are
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estimated, so that the navigation solution corresponds to the reference solution. Using the
estimated scaling parameters, the forward motion velocity and the azimuth changes can be
approximated between any two successive frames with the help of the average motion vector.
The estimation of the velocity from camera can also be improved by the user mode such as
walking, stairs, and running context information.
Relative measurements from the visual odometery algorithm tend to accumulate error over time,
resulting in long-term drifts (Saeedi & Samadzadegan, 2008). To limit this drift, it is necessary to
augment such a relative navigation system with global positioning system such as GPS.
5.2.3 Navigation Sensor Integration
In this research, the core of the vision-aided pedestrian navigation system consists of GPS
positioning and velocity measurements as well as the position aid (velocity and heading change
rate) provided from camera image frames. These measurements are integrated using a KF filter
(Aggarwal et al., 2010) that is presented briefly in the following section. The design of the
integrated pedestrian navigation algorithm is shown in Figure 5.14. Context information which is
useful for vision-aided system include: device orientation (e.g. face-up/down, vertical or portrait
modes), device location (texting mode) and activity of the user (e.g. walking mode). Also, the
context information about sensor’s availability and accuracy can be used to select the device
dynamic and observation model in the KF.
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Figure 5.14: The multi-sensor pedestrian navigation diagram using context-aware visionaided observation
In this research, the dynamic system is defined based on a walking user while texting in an
outdoor environment. In order to model the characteristics of the two-dimensional motion of a
walking user, PDR algorithm is used (see section 5.1). PDR is the determination of a new
position from the knowledge of a previously known position, using the current distance and
heading information. As mention in section 5.1, the mathematical model of 2D PDR is based on
equation 5.1.
Kalman Filter (KF): The absolute position observations from GPS have been integrated with
heading and velocity measurements obtained from camera using a KF. This filter uses a dynamic
model to predict the next system state at time

using the previous system state at time

.

Then, an observation model is used to compare the predicted and observed states in that time
( ). The dynamic model is shown in the below equation (Aggarwal et al., 2010):
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where,

is the state vector,

previous time to the current time, and

represents the transition matrix that relates the state of a
is the process noise which is assumed to be drawn from

a zero mean multivariate normal distribution ( ) with covariance matrix

. In

this research, the state vector is defined by five variables as shown in the below equation:

where

,

represent the absolute position in the East and North coordinate, both in meters, V

(m/sec) is the speed,

(radian) is the heading9, and

(radian/s) is the rate of change of heading

angle. First two elements of the state vector states describe the coordinate of the user and the
third and fifth elements of the state vector are the vision-based observations (changes of heading
angle and velocity). Forth element of the state vector is heading angle which is necessary for 2D
PDR equation. Then, a dynamic model is considered to fuse vision-based and GPS
measurements for the pedestrian user in texting mode. The dynamic model for vision-aided GPS
system is defined in the following equations:

9

defined with the origin North and clockwise positive
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The variable

presents the time between two consecutive epochs. The equation 5.19 and 5.20

are the mathematical model of 2D PDR based on equation 5.1. The state transition matrix is
defined as:

[
where

]

is approximated as a constant matrix at every time epoch .

General form of the observation model is presented in the following equation and is defined
according to the observations provided by the GPS and visual sensor.

where

, is the observation vector,

into the observed space and

is the observation model which relates the state space
is the observation noise which is assumed a zero

mean multivariate normal distribution ( ) with covariance matrix
The full-scale measurement vector (

where

and

(

) ).

is defined as follow:

are coordinate of GPS after conversion to the East and North directions,

is velocity of the user provided from GPS sensor and can be obtained from android API.
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is the rate of change of heading angle and

is the user velocity obtained from vision

sensor. The observation model is based on the below equations:

[

[

where

and

]

]

[

[

]
[

]

[

]

]

are noises in the observations. The data rate of vision sensor and GPS are

different. Based on the availability of the sensors data in each time epoch, the number of
measurements fed to the filter is different on an epoch-to-epoch basis. When GPS measurements
are available, the measurements or observation model are as follow:

The accuracy of the GPS position is available through android API. The availability of the vision
sensor is based on the accuracy of image matching (discussed in section 5.2.2). When
measurements from vision sensors are available, the measurements and observation model are as
follow:
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The KF works in two phases: the prediction and the update. In the first phase, the filter
propagates the states and state’s accuracies using the dynamic matrix

and ̂

(estimated

in the previous epoch), based on the following equation:
̂
Then the covariance matrix

̂

can be estimated using

. The equation to calculate

is as

below:

For establishing the Q matrix, some assumptions are made based on the confidence about the
initial conditions in the experimental test. So, approximately a high confidence (or low variance)
is considered for

and comparing to them, lower confidence (or higher

variance) were assigned to the

and

. In the update phase the state is corrected by blending

of prediction solution with the update measurements based on the following equation:
̂

̂

̅

̂

where ̅ is the Kalman gain obtained by:
̅

To establish the R matrix, the accuracy of the GPS position is available through the android API
and the accuracy of the visual sensor derived heading is based on the accuracy of the image
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matching process (as discussed in section 5.2.2). The update of the covariance takes place using
the following equation:
̅

5.2.4 Experiments and Results
The potential of the proposed method are evaluated through comprehensive experimental tests
conducted on a wide variety of datasets using a Samsung Galaxy Note smartphone. Multiple
sensors are integrated on the circuit board including MEMS tri-axial accelerometers
(STMicroelectronics k3dh), three orthogonal gyros (K3G), a back camera (Samsung S5K5BAF2MP that can record video frames in HD format, and a GPS receiver module. To gather data
from the phone, an application called TPI android logger (developed by MMSS research group at
the University of Calgary) is used. This application which is available through android market
can be used in real time and collect data with a timestamp. Finally, a dataset with two combined
user context was collected for testing the total context-aware and navigation solution.
The user walked along the side-line of a tennis court in a close loop. During the loop, the user
changed the placement twice before and after making turns which represents a very challenging
situation for vision navigation. Using the classification algorithm, the system recognized the
mode change and adapts the most suitable vision-based heading estimation automatically. Then,
to accomplish vision-aided solution, the frame rate of four images per second was used. The
resolution of the images was down-sampled to

pixels. The frame rate of

was

chosen because the experiments show that it provides sufficient information to capture
meaningful motion vectors in different scenarios. Figure 5.15 shows the GUI used for extracting
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motion vectors, vision-based navigation solution and integrated vision-aided GPS navigation
solution using KF.

Figure 5.15: Vision aided GPS navigation GUI: up-left) the extracted video frame, downleft) changes of heading angle estimated from visual sensor and KF, down-right) velocity of
the pedestrian estimated from visual sensor and KF, up-right) Vision aided GPS navigation
in comparison with vision-based and GPS solution
As it is shown in the above figure, a comparison of integrated navigation solutions is presented
in the left side and up. The reference trajectory is a tennis court located between two buildings
and therefore, the smartphone’s GPS navigation solution (red dots) has been degraded. As it can
be seen from that figure, without using the context-aware vision-aided navigation, the GPS
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solution in comparison with the vision sensor is not accurate enough and unable to discern turns.
On the bottom of the Figure 5.15 and right side, the KF and vision-based solutions are compared
for the changes of heading estimation between two successive frames. On the left side bottom of
that figure, the velocity changes estimation of the vision-based solution is compared with KF
solution which is almost constant for a walking pedestrian (Saeedi, et al., 2012).
As previously shown for context-aware vision-aided navigation, the error of GPS navigation
solution compared to the reference tennis court is reduced from
GPS only measurement to

meters in the case of using

meters in the case of using vision-aided solution. Table 5.5

summarizes the navigation performance of the GPS navigation, a vision-aided navigation
solution without considering context information and a context-aware vision-aided navigation
which consider the change in device orientation from portrait to landscape. The experiment
confirms previous findings where using the velocity and orientation changes updates from visual
sensor can improve navigation solution. Also using context information, the vision-based
algorithm can be aware of the appropriate user mode and the device orientation.
Table 5.5: Improvement in context-aware vision-aided GPS navigation in compare with the
GPS navigtion
Navigation

Root Mean

Standard

Minimum

Maximum

Solution

Square Error (m)

Deviation (m)

Error (m)

Error (m)

GPS

6.2038

4.0522

0.9911

13.4886

vision-aided GPS

6.6798

5.7653

1.2857

16.1863

2.6798

0.7442

1.2857

4.0558

Context aware
vision-aided GPS
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Figure 5.16 shows the graphical comparison of the context-aware vision-aided GPS navigation
using KF, vision-based navigation and GPS measurements. This figure shows that how visionbased measurements improve GPS navigation while both of them are not perfect enough in
standalone mode.

Figure 5.16: Field test using phone in two modes while user walking around a tennis court:
the reference solution (green), GPS position (red), context-aware vision-aided GPS
navigation (blue)

5.2.5 Conclusions
Based on the experimental results discussed in the chapter 4, the field test shows that texting
mode (which is the proper mode for vision sensor) can be detected from accelerometer sensor
with the accuracy of 82%. In this mode, the orientation of the device (i.e. landscape or portrait
mode) can be detected with an accuracy of 93%. Once context detection is performed, proper
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computer vision algorithm is applied accordingly to extract the motion vectors from successive
frames. The motion vector is used to estimate user’s motion.
In this section, a vision-aided pedestrian navigation algorithm is proposed to improve GPS
solution. To model the characteristics of the two-dimensional motion of a walking user, DR
algorithm is used as a dynamic model in KF. The measurements fed to the filter are the GPS
positions, velocity and vision-based velocity and the changes in heading angles when available.
Pedestrian field tests were performed to verify the usefulness of integrated algorithm. The error
of GPS measurement compared with the reference tennis court coordinates has RMSE of
After using the context-aware vision-aided GPS solution the RMSE is reduced to

.

. So, the

accuracy of the proposed system has been increased 43%. The results are promising for
combined vision-based GPS navigation and showed great potential for accurate, reliable and
seamless navigation and positioning.
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CHAPTER SIX: CONCLUSIONS AND REMARKS
The thesis investigates the design and development issues related to a context-aware personal
navigation services for portable navigation system. A context-aware system is concerned with
the acquisition of context (using sensors to recognize a context), the abstraction and
understanding of context (modeling low-level context to infer about the user’s situation), and
adaptation of application behaviour based on the recognized context (triggering actions based on
context). All of these issues are addressed in chapter 3, 4 and 5 respectively and in this chapter
the conclusions about the results of each chapter is presented. For systematic summary, a part of
the thesis outline provided in Chapter 1 is shown in Figure 6.1.

Chapter 3: Context Aquisition
•Using different sensors, features and classifiers
•Using feature-level fusion for activity recognition

Objective (a): Sensor Investigation
Objective (b): Context Recognition

Chapter 4: Context Reasoning
•Context modeling
•Context reasoning
•Using decision-level fusion for context detection

Objective (c): Context Reasoning

Chapter 5: Context-Aware Application
•Using contexts in PDR scenario
•Using contexts in vision-basaided pedestrian
navigation scenario

Objective (d): Context-Aware Navigation Scenarios

Figure 6.1: Thesis chapter flow-graph with the corresponding thesis objectives
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6.1 Conclusions on Context Acquisition
As described in chapter 3, an activity recognition system is designed and developed for detection
of context information. This system observes user’s physical movements using low cost sensors
in smartphones (accelerometer, gyroscope, and magnetometer). Activity recognition is based on
feature-level fusion algorithm. Three recognition scenarios were investigated - identifying the
user’s activity, device placement (where the mobile device is placed on the user’s body) and both
user’s activity and device placement modes simultaneously.
As an improvement to the previous works, this chapter contributes at: i) selecting the best set of
sensors and features to optimize the performance of activity-recognition applications on
smartphones, ii) evaluation analysis for classifiers’ accuracy, iii) extensive analysis of the effect
of a separate estimation of user activity and device placement or considering both of them
together, iv) considering different placement of the mobile device without any assumptions on
fixing the device orientation.
Experiments demonstrated that when feature selection methods were applied, it was successful in
removing redundancy in feature space and thus reducing computational complexity. For activity
recognition, four features have been explored to reduce computational load without
compromising accuracy. Four essential features selected by SVM feature evaluator method
include: Frequency Range Power, Spectral Entropy, Zero Crossing and Quartile.
Investigating different classifiers shows that compared to the more complex classifiers such as
ANN, the BN classifier yielded a similar performance, having a more extensible algorithm
structure and requiring less computations. The BN classifier provides an overall recognition
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accuracy of

on a variety of six activities and six device positions using only four features

provided by SVM feature selection method.
6.2 Conclusions on Context Modeling and Reasoning
Since the context information are inferred from multiple distributed and heterogeneous sources,
an appropriate strategy for representing and reasoning about the context information was
presented in chapter 4. This strategy is based on the ontology context modeling and fuzzy
reasoning system to integrate various sources of information to inferred high-level context
information and find the best match for each application. This method contributes to the
intelligent navigation computation domain using multi-level information fusion.
As an improvement to the previous works, accelerometer and gyroscope as well as other sensors
such as GPS are integrated to recognize activity context more reliably. In order to develop an
approach for extracting context information, two levels of fusion is used in this chapter:
a) Feature level fusion algorithms to combine data coming from different sensors by
extracting useful features.
b) Decision-level fusion algorithms to detect high-level context information from multiple
information sources and user constraints.
Results of the chapter 4 clearly show that feature level fusion algorithms in this level are efficient
in recognition of user motions, but inefficient in recognition of device location and orientation.
One of the drawbacks of such methods is that they are not good for human interpretation of their
internal representation and they cannot use human-like rules. On the other hand, most of these
methods are based on the probabilistic assumptions of conditional independency and Gaussian
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distribution of probability distribution function. In contrast, decision-level fusion using fuzzy
inference engine is based on human readable fuzzy rules. Context reasoning engine can improve
consistency of decisions and handle uncertainty of classification using appropriate rules. This
method is also efficient in Computations. However, the construction of fuzzy rules & the
determination of membership functions are subjective. To cope with uncertainty in context
detection, the hybrid method was investigated using a combination of learning based on SVM
and explicit rules using FIS. The accuracy of the hybrid method is better than each method and is
97%, which is very promising for context-aware navigation scenarios.
6.3 Conclusions on Context-Aware Application Adaptation
Once context detection and matching is performed, customized pedestrian navigation algorithms
are described in chapter 5. In the first navigation scenario which is using PDR for outdoor
navigation, context-aware step detection achieves high detection rate when proper accelerometer
is selected based on the placement mode. Also, heading information can be derived after the
proper alignment using context information. Pedestrian field tests have been performed to verify
the abilities of the context-aware PDR algorithm. As previously explained in section 5.1.5,
context-aware step detection algorithm outperforms other step detection methods by 47% and the
error of PDR compared to the reference tennis court is reduced by 23% in the case of using
context-aware PDR solution.
In the second scenario, a vision-aided pedestrian navigation algorithm is developed to improve
GPS solution. Pedestrian field tests were performed to verify the usefulness of integrated
algorithm. The error of GPS measurement compared with the reference tennis court coordinates
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has RMSE of
reduced to

. After using the context-aware vision-aided GPS solution the RMSE is
. So, The vision-aided GPS navigation outperforms GPS solution accuracy by

43%. The results are promising for combined vision-based GPS navigation and showed great
potential for accurate, reliable and seamless navigation and positioning.
6.4 Research Contributions
Human movements and device limitations make the personal navigation a challenging topic.
There are a few studies aimed at supporting personal navigation computations using context
information (Yang, et al., 2010; Choi, et al., 2007). This research is one of the original works in
supporting the personal navigation services by providing context information. This thesis
contributes to the intelligent navigation computation area in the following three levels:
Sensor level contribution: As the accelerometers are usually embedded on the mobile devices,
most of the existing activity recognition systems use only accelerometers and rarely consider
fusion of other sensors (Yang, et al., 2010). As an improvement to the previous works,
accelerometer and gyroscope as well as other sensors such as magnetometer sensor are integrated
to recognize activity context more reliably. Moreover, in most of the researches in this area, the
specialized accelerometers are fixed to the users’ body or have a certain orientation (Ravi, et al.,
2005; Bao & Intille, 2004; Yang, 2009), this assumption usually does not hold for the usual case
of carrying the phone in the hand or pocket. However, in this study no assumption is made about
how users carry their mobile phones. Therefore, sensor-level contributions include:
a) Employing gyroscope and magnetometer measurements for activity and device
orientation recognition
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b) Handling sensor to user misalignment and arbitrary placement of sensors (this work is
completed and discussed in section 3 of this proposal)
Methodological contribution: Thanks to the various sensors embedded in the smartphones,
collecting a huge amount of data is now possible. Therefore, the most advantageous
methodology for context detection is fusing multi-sensor and multi-source data. Since the
context information may be acquired from heterogeneous sources, defining an appropriate
strategy to integrate various sources of information is necessary. In order to develop an approach
for extracting context information, two levels of fusion is used in this research:
1. A feature level fusion algorithm is used to combine data coming from different device
sensors by extracting useful features. Such fusion includes two main steps:
a. Investigating the different set of features including mean, variance, etc.
b. Testing the different classification methodologies for activity recognition and
device status such as k-NN, ANN and BN
2. A high-level decision fusion is used to detect high-level context information from
multiple information sources, such as user constraints and spatial-temporal dependency
of recognized activities. This fusion algorithm contains three main steps:
a. Mining the association rules for extracted activities, device status, location and
time
b. Collecting expert knowledge about the activity recognition and developing a
mechanism for weighting the rules and updating them
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c. Implementing a knowledge-based system that includes a knowledge base, a
reasoning engine and an inference method such as first-order logic or fuzzy
reasoning
Information fusion at the signal level can provide more precise information, and information
fusion at higher levels is more reliable and readable. Finally, determining the reliability of the
detected contextual information and handling the uncertainty of such information is another
challenge faced by this research.
Application level contribution: one of the contributions of this thesis is development of a
context recognition system for PNS purposes. Therefore, selecting the set of context information
which is relevant to the navigation services and extracting the context information that is
meaningful for such applications is an important topic. In this respect, design of context-aware
navigation services and related context information is explored:
1. Investigating the different set of the context information for navigation application
including user activity and device status
2. Developing algorithms and methodologies for context-aware navigation services such as
tourist navigation (Saeedi, et al., 2010), determining user location by PDR, and visionaided GPS pedestrian navigation (Saeedi, et al., 2012).
6.5 Future Work
Although several important aspects of context-aware PNS using mobile devices and smartphones
have been studied in this thesis, there are still some open research problems worth further
consideration.
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Improving context recognition accuracy. Overall classification accuracy can be
improved by using more features, better classification techniques and capturing
temporal correlation in the model. Also more sensors can be involved such as camera.



Considering more data, activity modes and model adaption. Data was only
collected from four people, and a classification model was generated on top of this
limited data set. To generate an adaptive model based on more training data from new
users, it is interesting to have a larger population and build more useful and
interesting applications. Also, considering other activities, such as bicycling, using
transit, train or bus can be useful for LBSs. To this end, the real time portable system
needs to be tested thoroughly for a variety of scenarios. This is another big step
towards the realization of this context-aware PNS.



Developing of a ubiquitous positioning service. Implementing a context-aware PDR
algorithm for the completion of personal navigation is the future challenge. This will
include the appropriate changes in the KF states, prediction and update equations.
Moreover, integration of the PDR, vision and GPS solution for a ubiquitous
indoor/outdoor navigation solution. Considering walking slow and fast, taking stairs
and elevator for PDR and vision solution can be a useful adaptation for improving
navigation solution.



Developing a real time prototype system. This thesis is towards development of a
context-aware PNS which is completely portable on android devices. Since all the
developments and studies are in post-processing mode, developing a real time
prototype system is necessary for the real time applications.
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Dependency of Time, Location and Activity Contexts. Using higher-level context
modeling and indoor/outdoor navigation modeling, the dependency between activities
and locations can be discovered. Triggered by location and/or date and time, having a
sort of “activity ontology”, context can be predicted knowing previous activity states.
This phase of the research requires more data collection.As an example, Figure 6.2
shows a user’s daily motions plotted with different colors representing the correlation
between different motions and locations in Calgary. The places where the user stays
for a long time are annotated with tags.

Figure 6.2:Associationbetween“activity”,“location”and“time”context:Thelocation
trajectory in one day from 9 a.m. until 9 p.m. is color-coded by the motion states.
As it shown in the above figure, there are consequential association rules between
location and user activity. In order to investigate the relationship between the three
contexts of time, location and user activity, a study is conducted in which three
people are monitored in a period of one week. During this time, they manually
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recorded all their activities (sitting, walking, running, driving, bicycling) at the time
of carrying the device. With each input from the user, the device automatically
recorded the time and location of the device. Figure 6.3-a presents the duration and
time of each daytime activity. Figure 6.3-b compares the time spent on each activity
for weekdays and weekends. In this figure the y-axis indicate the percentage of
daytime which is deducted to each activity in a weekday in comparison with a
weekend day. Transitional activities (such as from standing to walking, or taking
phone out of pocket), has been removed from these figures.
Week-day

a) One day pattern of four activities from 9:00 until
22:00

Weekend
100
90
80
70
60
50
40
30
20
10
0

Time duration (%)

4: driving
3: cycling
2: running
1: walking
0: stationary

Daily typical physical
activities

b) The comparison of the duration of desired activities in
week days and weekends

Figure 6.3: Association between “activity”contextand“time”context
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APPENDIX A) ACTIVITY RECOGNITION
Table A.1: Summary of past work on activity recognition using accelerometers

Classification
Techniques

9 ambulation and posture

kNN

95.8%

4 ambulation and posture

Rule-based

89.3

Reference

No. of
Sensors

Activities Recognized

Classification
Accuracy

(The recognition accuracies values for references without explicit statements have been marked:
NA)

(Foerster, et al., 1999)

4

(Aminian, et al., 1999)

2

Chest, thigh

1

thigh

1

knee

6 ambulation and posture

ANN

(Mantyjarvi, et al., 2001)

2

Left and right hip

4 ambulation, posture

PCA

(Lee & Mase, 2002)

1

thigh

7 ambulation

Rule-based

(Chambers, et al., 2002)

1

wrist

4 Kung-fu Movement

(Laerhoven &
Cakmakci, 2000)
(Randell & Muller,
2000)

Placement of the
Sensors

sternum, wrist, thigh,
lower leg

6 ambulation, posture
and cycling

ankle, knee, waist,
(Kern, et al., 2003)

12

wrist, elbow and
shoulder (major
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Hierarchical
HMM

42%96%
85%90%
83–
90%
93%96%

96.7%

ambulation, writing on a
white board, typing on a
keyboard, shaking hands

joints)

SOM

Naive Bayes

85%

(Mathie & Coster, 2003)

(Bao & Intille, 2004)

(Mathie & Celler, 2004)

1

5

1

Placement of the
Sensors

Activities Recognized

ambulation with

waist

transitions

DT, Navies

20 other activities

Bayes

transitions

1

waist

vacuuming, brushing
teeth

(Allen & Ambikairajah,
2006)
(Olgun & Pentland,
2006)
(Karantonis &
Narayanan, 2006)

ambulation with

1

waist

3

wrist, waist, chest

1

waist

transitions
ambulation, crawling,
hand movements
ambulation, posture,
energy expenditure

NA

classification

ambulation along with

8 ambulation,
(Ravi, et al., 2005)

based

decision table,

ambulation with

waist

threshold

20
wrist, upper arm,
waist, thigh, ankle

Classification
Techniques

Classification
Accuracy

No. of
Sensors

Reference

binary DT

84.26%

NA

Decision
table, DT,

73.33%

kNN, SVM,

-99%

Naive Bayes

GMM

76.6%

HMM

92.1%

binary DT

90.8%

Threshold(Heinz, et al., 2006)

8

rear hip, neck, wrists,
knees and lower legs

ambulation

based
Method,

NA

Naive Bayes

(Lester, et al., 2006)

3

shoulder, waist, wrist

181

ambulation, riding
elevators, brushing teeth

HMM

90%

(Tseng & Cook, 2006)

(Maurer & A. Smailagic,
2006)

(Ward, et al., 2006)

3

Placement of the
Sensors

neck, waist, ankle

Activities Recognized

walking for detecting
age and health condition

wrist, belt, necklace,
6

trouser pocket, shirt

ambulation

1

wrist and elbow

workshop activities

intense activities like

waist

rowing, biking, arms
exercise, ball workout

(Ibrahim &

different walking

1

hip

(Lombriser, et al., 2007)

7

Wrist

ambulation

(Suutala, et al., 2007)

4

thigh, left and right

ambulation, brushing,

wrist, neck

cleaning

Ambikairajah, 2007)

(Muscillo & S. Conforta,

1

ankle

(Jafari, et al., 2007)

1

chest

(Al-ani, et al., 2007)

1

waist

2007)

(Krishnan &
Panchanthan, 2008)

5

DT, Naive

85.7%

Bayes, BN

Naive Bayes,

89.5%

BN

walking from other high
(Bidargaddi, et al., 2007)

MLP, SVM,

DT, kNN,

pocket, bag
2

Classification
Techniques

Classification
Accuracy

No. of
Sensors

Reference

patterns
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GMM

88.8%

kNN

91%

SVM, HMM

93%

kNN

falls, transitions

ambulation

89.1%

classification

stairs

different walking speeds,

waist, thigh, ankle

based

DTW based

different ambulation

72%

Threshold

walking and climbing

transitions between

wrist, upper arm,

HMM

85%

ANN, kNN

84%

HMM

NA

AdaBoost,
LR, SVM

95.3%

No. of
Sensors

Placement of the
Sensors

Activities Recognized

Classification
Techniques

Classification
Accuracy

2

ankle, above the knee

ambulation

AdaBoost

95%

wrist

ambulation

ANN

95%

ambulation

HMM

87.4%

NA

ambulation

SVM

82.2%

1

knee

ambulation

Naive Bayes

NA

3

Wrist, waist, shoulder

HMM

93.8%

(Huynh, et al., 2008) 11

2

Hip, wrist

LSA

72.7%

(Bicocchi, et al., 2008)

1

waist

4 ambulation, posture

(Junker, et al., 2008) 12

5

Wrist, arm, torso

5 Home and office action

Reference

(Krishnan & D. Colbry,
2008)
(Yang, et al., 2008)

(Zappi, et al., 2008)

10

(He, et al., 2008)
(Wu, et al., 2008)
(Choudhury, et al., 2008)
10

10 for right arm, 9 for
left arm

ambulation, posture,
brushing teeth
34 ambulation, posture,
working, home actions

Gaussian
Mixture
HMM
HMM,

(Krishnan, et al., 2009)

3

Wrist , Elbow

5 Hand movement

AdaBoost,
kNN

10

85%

90%

65.4%87 %

System is tested on multi-position sensor and resulted in 80% accuracy
Large variance in accuracy among activities (some activities are poorly recognized - less than 4% accuracy)
12
Deals also with complex activities
11
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Placement of the
Sensors

Activities Recognized

A handheld platform

stationary, walking, fast

equipped with low

walking, jogging and

cost MEMS sensors

driving

Classification
Techniques

Classification
Accuracy

No. of
Sensors

Reference

linear
(Chowdhary, et al.,
2009)

1

prediction
coding

97.8%

(LPC)

(Bicocchi, et al., 2010)

3

16 ambulation, working,

Arm, waist, leg

home action

Instant based
methods such

95%

as kNN

Abbreviations: PCA (Principal components analysis), kNN (k Nearest neighbors), SOM (Self-organizing maps), IB
(Instance based mechanisms), HMM (Hidden Markov model), LSA (Latent semantic analysis), SVM (Support
vector machine), BN (Bayesian network), DT (Decision tree), ANN (Artificial neural network), DTW (Dynamic
time warping), LS (Logistic Regression)
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APPENDIX B) COORDINATE SYSTEM
Coordinate systems are changing in different situation of the device and uses. This is what
happens in the realistic use of portable devices. The references frames are orthogonal and righthanded. The reference coordinate systems used in this project are listed in the table 4.
Table A.1: Definition of the reference coordinates frames used in this research
Coordinate
frame

Definition

Earth Center
Inertial frame
(i-frame)

i-frame is a fixed coordinate with
the center of the Earth as its
origin. Its z axis is parallel to the
spin axis of the Earth, x points to
the mean vernal equinox, and y is
determined by x and z in a righthanded system.

Local-Level
Frame (l-frame)

User body
frame (u-frame)

Figure

Z points towards the center of
the Earth and is perpendicular to
the ground. Y is tangential to the
ground at the device's current
location and points towards the
magnetic North Pole. X is
defined as the vector product Y.Z
(It is tangential to the ground at
the device's current location and
roughly points West).

u-frame is attached to the user,
usually at a fixed point such as
the center of gravity. The x, y,
and z axes of the b-frame,
respectively, point in the right,
forward, and up directions.
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Device body
frame for the
mobile device
developed in
MMSS group
(b-frame)

Device body
frame for the
android
smartphone
(b-frame)

b-frame is rigidly attached to the
device of interest, usually at a
fixed point such as the center of
gravity. The x, y, and z axes of
the b-frame, respectively, point
in the right, forward, and down
directions.

The X axis refers to the screen's
horizontal axis (the small edge in
portrait mode, the long edge in
landscape mode) and points to
the right. The Y axis refers to the
screen's vertical axis and points
towards the top of the screen (the
origin is in the lower-left corner).
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APPENDIX C) ANDROID API
Android SDK (software development kit) is a software for mobile devices that includes an
operating system, middleware and key applications. The android SDK provides the tools
necessary to begin developing applications on the android platform using the Java programming
language. Android has a set of core applications including an email client, SMS program,
calendar, maps, browser, contacts, and others.
C.1 Android Architecture
The following diagram shows the major components of the Android operating system. In this
research, the second (Libraries and runtime) and third (application framework) layer is used to
develop the application through the Eclipse IDE in the fourth layer (applications).

Figure B.1: Android Architecture (Image source:
http://developer.android.com/guide/developing/index.html)
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C.2 Accessing the Sensor data from Android
The Android platform has a variety of sensors for monitoring the user motion and physical
environment. There are different sensors on any android device that can be applied in context
recognition algorithm. Always, it must be considered that which sensors are necessary in which
application. Failing to do so can drain the battery in just a few hours. When an android phone is
used, there is a class called sensor_event that can captures different information such as the
sensor's type, the time-stamp, accuracy and of course the sensor's data. Table B.1 shows several
constants that are accessible through the “android.hardware.SensorManager” which represent
different aspects of android's sensor_event API.
Table B.1: Fields of the Sensor_Event method (Reference:
http://developer.android.com/guide/topics/sensors/sensors_overview.html)
Field

Possibilities

Description

accuracy

The accuracy of the event

High, low, medium, unreliable.

sensor

The sensor that generated the event like:
Sensor

Orientation, accelerometer,
proximity, temperature, etc.

timestamp

The time in nanosecond at which the
event happened

Fastest, game, normal, user interface. When an
application requests a specific sampling rate, it is really
only a hint, or suggestion, to the sensor subsystem. There
is no guarantee of a particular rate being available.

values

The length and contents of the values
array depends on which sensor type is
being monitored

The descriptions for each sensor’s values have been
discussed in the next table.

light,

magnetic

field,

The SensorListener interface is central to sensor applications. It includes two required methods:


The onSensorChanged(int sensor,float values[]) method is invoked whenever a sensor
value has changed.



The onAccuracyChanged(int sensor,int accuracy) method is invoked when the accuracy
of a sensor has been changed.

To interact with a sensor, an application must register to listen for activity related to one or more
sensors. Registering takes place with the registerListener method of the SensorManager class.
The values of the all possible sensors types on an android platform are listed in Table B.2.
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TableB.2:Valuesanddescriptionsoftheallpossiblesensorsonanandroidplatform
(Reference: eveloper.android.com/reference/android/hardware/Sensor)
Acceleromet
er (m/s^2)

values[0]: force applied by the device on

measures the acceleration applied to the device (Ad).

the x-axis (Adx=Ax-Gx)

Conceptually, it does so by measuring forces applied to

values[1]: force applied by the device on

the sensor itself (Fs) using the relation: Ad= - ∑Fs /

the y-axis (Adx=Ay-Gy)

mass=-g-∑F / mass. To measure the device acceleration,

values[2]: force applied by the device on

the contribution of the force of gravity must be

the z-axis (Adz=Az-Gz)

eliminated. This can be achieved by a high-pass filter.

Magnetic

values[0]: ambient magnetic field in the

getDeclination():The declination of the horizontal

field

X-axis

component of the magnetic field from true north, in

(compass)

values[1]: ambient magnetic field in the

degrees (i.e. positive means the magnetic field is

micro-Tesla

Y-axis

rotated east that much from true north).

(uT)

values[2]: ambient magnetic field in the

getFieldStrength(), getHorizontalStrength(),

Z-axis

getInclination()

Gyroscope

values[0]: Angular speed around the x-

Measures the rate of rotation around the device's local

(radians/sec

local axis

X, Y and Z axis. The coordinate system is the same as is

ond)

values[1]: Angular speed around the y-

used for the acceleration sensor. Rotation is positive in

local axis

the counter-clockwise direction. Typically the gyroscope

values[2]: Angular speed around the z-

output is integrated over time to calculate a rotation

local axis

describing the change of angles over the timestep.

values[0]: Proximity sensor distance

Some proximity sensors only support a binary near or

measured in centimeters

far measurement. In this case, the sensor should report

Proximity

its maximum range value in the far state and a lesser
value in the near state.
Pressure

values[0]: Atmospheric pressure

Standard atmosphere, or average sea-level pressure

values[0]: ambient (room) temperature

-

values[0] Ambient light level

The lux (symbol: lx) is the SI unit of illuminance and

(hPa
(millibar))
Ambient
Temperature
(Degree
Celsius)
Ambient
Light (SI lux

luminous emittance, measuring luminous flux per unit

units)

area. It is analogous to the radiometric unit watts per
square meter, but with the power at each wavelength
weighted according to the luminosity function.

Gravity

values[0]: Gravity on the x-axis (Gx)

A three dimensional vector indicating the direction and

(m/s^2)

values[1]: Gravity on the y-axis (Gy)

magnitude of gravity. The coordinate system is the same

values[2]: Gravity on the z-axis (Gz)

as is used by the acceleration sensor. When the device is
at rest, the output should be identical to accelerometer.
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Linear

values[0]: Linear acceleration on the x-

A three dimensional vector indicating acceleration along

Acceleration

axis (Gx)

each device axis, not including gravity.The coordinate

(m/s^2)

values[1]: Linear acceleration on the y-

system is the same as the acceleration sensor. The

axis (Gy)

output of the accelerometer, gravity and linear-

values[2]: Linear acceleration on the z-

acceleration sensors must obey the following relation:

axis (Gz)

acceleration = gravity + linearAcceleration

Rotation

values[0]: x*sin(θ/2)

The rotation vector represents the orientation of the

Vector

values[1]: y*sin(θ/2)

device as a combination of an angle and an axis, in

(unitless)

values[2]: z*sin(θ/2)

which the device has rotated through an angle θ around

values[3]: cos(θ/2)

an axis <x, y, z>. The three elements of the rotation
vector are <x*sin(θ /2), y*sin(θ /2), z*sin(θ /2)>, such
that the magnitude of the rotation vector is equal to
sin(θ /2), and the direction of the rotation vector is
equal to the direction of the axis of rotation. The three
elements of the rotation vector are equal to the last
three components of a unit quaternion <cos(θ /2),
x*sin(θ /2), y*sin(θ /2), z*sin(θ /2)>

Orientation

values[0]: Azimuth, angle between the

This sensor type exists for legacy reasons, please use

(Degree)

magnetic north and the y-axis, around

getRotationMatrix() in conjunction with

the z-axis (0 to 359).

remapCoordinateSystem() and getOrientation() to

values[1]: Pitch, rotation around x-axis (-

compute these values instead.

180 to 180), with positive values when

Note: For historical reasons the roll angle is positive in

the z-axis moves toward the y-axis.

the clockwise direction (mathematically speaking, it

values[2]: Roll, rotation around y-axis (-

should be positive in the counter-clockwise direction).

90 to 90), with positive values when the
x-axis moves toward the z-axis.
Relative

values[0]: Relative ambient air humidity

When relative ambient air humidity and ambient

Humidity

temperature are measured, the dew point and absolute

(Percent)

humidity can be calculated.

C.3 Sending Sensor Data to a Server (Implementing a Client-Server model)
A simple way to communicate with a database-driven back-end server, without adding a significant amount of complexity, is to use a server-side script that accepts commands and arguments
through the use of HTTP POST and returns data as a string. The client can then make calls to the
server and pass data just like a web page. An efficient way to send sensor data from an Android
device to a web server (such as Apache web server) in an approximately 1 byte/second and keep
data traffic at a minimum is using a simple request HTTP GET/POST. It should be consider that
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sending data over HTTP is not secure, and any sensitive information should be passed over
HTTPS in a production environment. To implement such an application, I have used:


The Java Programming Language



The Android SDK



Basic PHP Scripting on a web server (http://www.hassanpur.com/blog/2010/09/androiddevelopment-implementing-a-simple-client-server-model/)

The server is just a simple PHP script that supports two commands: getSensor and getContext.
getSensor


Parameters: None



Returns: A comma separated list of used sensors.

getContext


Parameters: Requested context (Location, Activity, Time)



Returns: String representation of the user mode.

To determine which command the client is calling, we have a required parameter called
command. Command can have two possible values: getSensor and getContext. The script should
only process valid commands. For all invalid commands, the script will return an empty string.
Here’s what the code for our simple script will look like.
An HTTP get request, for example, doesn't have much overhead except the
length of parameters you wish to send. Here's a typical GET request: GET
/pub/WWW/MyPrj.php?arg1=foo&arg2=bar HTTP/1.1
arg1 & arg2 are the arguments passing to MyPrj.php.
 Declare Internet permissions in the manifest. This allows your
application
to
use
any
Internet
connections.
Create HttpClient and HttpPost objects to execute the POST
request.
 Set the POST data. This is done by creating and setting a list of
ValuePairs as the HttpPost's entity.
 Execute the POST request. This returns an HttpResponse object,
whose data can be extracted and parsed.
 Java Script will fetch data from the database. It will encode it into
json format and send it to the device.

Figure B.2: How to implement the Http post on a device
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The data can be encoded (JSON13) and sent as parameters to a web service implemented in php
or any other language. JSON is an excellent, widely used, easy and flexible format for data
interchange and is much simpler and more concise than xml. Figure B.3 shows “SensorReading”
application snapshots.

“SensorReading” application interface

Display 3-axis Accelerometer data

Sampling Frequency of the Sensor data

A button to send sensor data to a server

Figure B.3: Running “SensorReading”applicationwhichgivestheusersallthe
available sensors embedded in their device

13

(JavaScript Object Notation) format. JSON is a lightweight text-based open standard designed for human-readable data interchange.
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