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ABSTRACT

USER, DEVICE, ORIENTATION AND POSITION
INDEPENDENT HUMAN ACTIVITY RECOGNITION ON
SMART PHONES

Smart phones equipped with a rich set of sensors are explored as alternative plat-
forms for human activity recognition in the ubiquitous computing domain. However,
there exist challenges that should be tackled before the successful acceptance of such
systems by the masses. In this thesis, we particularly focus on the challenges arising
from the differences in user behavior and in the hardware. To investigate the impact of
these factors on the recognition accuracy, we collected data from 20 users focusing on
five basic locomotion activities using the accelerometer, gyroscope and magnetometer.
Using this dataset, we analyze whether activity recognition can be performed indepen-
dently in terms of device, device model, user, device orientation and device position.
We first show that, using raw acceleration, above 96% recognition accuracy can be
obtained for device and model dependency tests, while success rate for orientation and
user dependency tests remained at 87% and 90%. In order to tackle these issues, we
first calculated linear acceleration, then using sensor fusion these acceleration read-
ings are converted from phone coordinates to the earth coordinates. These methods
helped in removing the orientation effects and increased both the user-independent
and orientation-independent activity recognition accuracy to 98% and 95%. Finally,
we analyze the impact of phone position on activity recognition using three different
methods, namely using a generalized classifier, position-specific classifier and a joint
classifier and show that using position-specific classification is not necessary, a gener-
alized classifier performs very similarly. However, analyzing the confusion matrices, we
observe that, stationary activities (sitting and standing) reduce the performance and

combining these activities into a stationary class boosted recognition rates up to 98%.



OZET

AKILLI TELEFONLAR UZERINDE KiSi, CIHAZ, CIHAZ
YONU VE POZISYONUNDAN BAGIMSIZ EYLEM
TANIMA

Zengin bir algilayici kiimesi ile donatilmig akilli telefonlar, insan eylemlerinin
taninmasinda alternatif platformlar olarak yaygin hesaplama alaninda arastirilmaktadir.
Ancak bu tip sistemlerin kitleler tarafindan bagarili bir gekilde kabul edilebilmesi i¢in bir
takim zorluklar mevcuttur. Bu tezde, bilhassa insan davraniglarindan ve donanimdan
kaynaklanan zorluklara yogunlasilmigtir. Bu faktorlerin eylem tanima bagarimi iizerindeki
etkisini analiz edebilmek icin, 20 katilimcidan ivmeolcer algilayicisi kullanilarak, bes
temel hareket eylemi igeren bir veri kiimesi toplanmigtir. Bu veri kiimesi kullanilarak,
eylem tamimanin cihaz, cihaz modeli, kullanici, cihaz yonelimi ve cihaz pozisyonu
gibi telefon tlizerinde eylem tanmimay: etkileyecek faktorlerden bagimsiz olarak yapilip
yapilamayacag1 analiz edilmigtir. Oncelikle cihaz ve cihaz modelinden bagimsiz bir
sekilde eylem tanima deneylerinde %96 bagarim elde edilirken, cihaz pozisyonu ve kul-
lanict bagimlhiligr testlerinde %87 ve %90 bagarim elde edilebildi. Bu konularla bag et-
mek icin, oncelikle dogrusal ivmelenme degerleri hesaplandi ve ardindan algilayicilarin
birlegimi ile ivmenin telefon koordinatlarindan diinya koordinatlarina ¢evrilmesi saglandi.
Bu metotlar ile, cihazin yoneliminin etkisi ortadan kaldirilarak, kisiden ve yonelimden
bagimsiz eylem tanimanin bagarimi sirayla %98 ve %95’e ytlikselmigtir. Son olarak tele-
fonun pozisyonun etkisi ii¢ farkli metot, genel simiflandirma, pozisyona-ozel siniflandirma
ve ortak simiflandirma kullanilarak analiz edilmis ve pozisyona 6zel simiflandirma yap-
manin gerekli olmadigi genel simiflandirma kullanmanin da benzer sonuglar elde ettigi
gosterilmistir. Ancak, karigiklik matrislerine yakindan bakildiginda sabit aktivitelerin
(ayakta durma ve oturma) bagarimi diigiirdiigii ve bu aktiviteleri tek bir sinifta birlestirilmesi

ile eylemler %98 {izerinde bir bagarim ile taniabilmektedir.
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1. INTRODUCTION

Human activity recognition systems using different sensing modalities, such as
cameras or wearable inertial sensors, have been an active field of research in the domain
of ubiquitous computing [5,6]. Considering their potential to be applied in various
application areas, including ambient assisted living, health and wellbeing monitoring,
targeted advertisement, human activity recognition systems are becoming a part of our

daily lives [7].

Recently, smart phones, equipped with a rich set of sensors, are explored as
alternative platforms for human activity recognition [8-12]. Besides the inclusion of
sensors, such as accelerometer, compass, gyroscope, proximity, light, GPS, microphone,
camera, the ubiquity and the unobtrusiveness of the phones and the availability of
different wireless interfaces, such as Wi-Fi, 3G and Bluetooth, make them an attractive

platform for human activity recognition.

Figure 1.1 shows Google Nexus 6, as an example. It is equipped with an ac-
celerometer, gyroscope, magnetometer, proximity sensor, ambient light sensor, haptics,
hall effect, barometer sensors. Especially, motion sensors, such as accelerometer, gyro-

scope, magnetometer, are the mostly-utilized sensors for human activity recognition.

However, in spite of its advantages, human activity recognition on mobile phones
also faces some challenges due to hardware limitations including battery, processing
and storage constraints compared to more powerful stations. Due to the battery limi-
tation, it is challenging to support continuous sensing applications as addressed in [13].
Considering the processing limitations, since human activity recognition requires run-
ning classification algorithms, originating from statistical machine learning techniques,
it may be challenging to run resource-intensive classifiers on the phones [13,14]. Other
challenges stem from the different use of the phones by different people and the differ-
ences in the way people perform activities. For instance, the phone context problem [15]

arises from the human behavior when the phone is carried in an inappropriate position



accelerometer GPS
hall effect ambient light
magnetometer gyroscope
barometer proximity
microphone light sensor/camera
WiFi/bluetooth

Figure 1.1. Nexus 6 Smartphone equipped with a list of sensors.

relative to the event being sensed. Especially with human activity recognition using
inertial sensors, location where the phone is carried, such as in the pocket or in the

bag, and the orientation of the phone affect the activity recognition performance.

Besides these challenges, since the classification of activities is mostly based on
the use of statistical machine learning techniques, a learning phase is required. Mostly,
supervised or semi-supervised learning techniques are utilized and such techniques rely
on labeled data, i.e., associated with a specific class or activity. Labeling the data
in the training phase is usually a tedious and complex process. In most of the cases,
the user is required to label the activities and this, in turn, increases the burden on
the user. Hence, user-independent training and activity recognition are required to
foster the use of human activity recognition systems where the system can use the
training data from other users in classifying the activities of a new subject. Besides
the user-independent recognition, it is also important that human activity recognition
algorithms should work on different mobile phone platforms in a device-independent

manner for the acceptance of such systems by masses.



In a recent study [14], a review of activity recognition systems using mobile phones
is provided. We observe that motion-based activity recognition, using inertial sensors is
the dominating type of activity recognition on mobile phones, besides the systems using
location-based activity recognition and motion-based activity recognition using wireless
transceivers and other sensors, such as GPS. In the context of motion-based activity
recognition systems, 3-axis accelerometers are the mostly utilized sensors available on
the phones and most of the studies focus on detecting the locomotion activities, such

as walking, standing, or transportation modes, biking, traveling with a vehicle.

In this thesis, we specifically focus on the challenges of user, device, orientation
and phone-position-independent activity recognition on mobile phones to accelerate
the acceptance of such systems in practical applications. In particular, we focus on
the recognition of five basic locomotion activities, including running, walking, biking,
standing and sitting, using fused data from the accelerometer, the magnetic field sensor
(magnetometer) and the gyroscope available on most of the smart phone platforms. As
the initial step, we collect data from twenty different users carrying different types of
mobile phones at different orientations. First we process the data using simple features,
including the mean, the variance and the standard deviation, where the features are
extracted from the square sum of the three acceleration components on z, y and z
axes and classify the activities using the K-Nearest Neighbors (KNN) and decision
tree classifiers. Considering the results of this first set, we observed that although the
activities can be recognized with a high accuracy in a user and device-independent
way, the orientation of the mobile phone impacts the accuracy of the results and the
accuracy is found to be around 83%. As the next step, we focused on the use of
extended set of features, including FFT coefficients and autocorrelation based features,
for orientation-independent activity recognition and this increased the accuracy to 85%.
In the second group of tests, we focused on how to improve the performance further,
and explored the use of linear acceleration, excluding the effect of gravitational force.
With this modification, the accuracy was increased to 93%. One of the solutions
discussed in the literature is to use signal transformation to overcome the orientation
effects. Accordingly, as the final step, we focused on the use of earth coordinates in

the classification process instead of using phone coordinates, which further improved



the classification performance to 97% accuracy.

After exploring the orientation-independence issue, we focus on the phone-position
independence. The readings from motion sensors are sensitive to body position where
the phone is carried. In this part, we explore the performance of activity recognition
with three different methodologies: i) using a generalized classifier where the train-
ing phase includes data from all relevant positions, ii) using position-specific classifiers
where a specific classifier is trained for each relevant position, iii) using a joint classifier,
where the phone position and the activity is associated with a class, i.e., walking phone
in the pocket and walking phone in the bag are different classes. We also explore the
performance where training data from an individual is included or not included in the
training data where testing the performance for an individual. In the literature, there
are studies that report using a position-specific classifier does not bring any improve-
ments compared to a generalized classifier [16,17], but there are also studies that report
the opposite [18,19]. Hence, there is no consensus on this and we also find that there
is a very small improvement (2% on average), when a position-specific classifier is used
compared to a generalized classifier. The effect of the location information on recog-
nition performance is dependent on the activities and the positions involved. In [20],
joint classification was reported to achieve higher accuracies compared to a general-
ized classifier and position-specific classifier. However, in our results joint classification

exhibited worse performance than a generalized and position-specific classifier.

After examining the confusion matrices of the classifiers, we observe that iden-
tifying sitting and standing activities is very challenging in jacket pocket, backpack
and side-bag positions, whereas in the pants pocket the accuracies are higher, as ex-
pected. Accordingly, we decided to combine these activities into a single “stationary”
class. Using such a method, improved the average recognition accuracy by 2.8% for the
pants, 20% for the jacket, 9% for the backpack, and 14% for the side-bag positions for a

generalized classifier and similar increase is achieved for position-specific classification.

Although it is not the main topic of this thesis, we also looked at the performance

of phone-position recognition using the same methodology. Besides the activity recog-



nition, knowing the phone position may have an effect on managing phone resources.
For instance, if the phone is detected in the pocket, the volume of an incoming call
automatically can be increased and vibrations can be turned on [21]. Using the same
methodology in the activity recognition process, same set of features, same classifica-
tion algorithms, we showed that phone position can be recognized with around 70%

accuracy.

As we elaborate in Section 3, compared to the previous studies in the literature,
although, a few of the previous works jointly analyze the orientation and position
dependency [16, 19, 22] on the activity recognition accuracy, either they analyze the
performance with only one method (using orientation-independent features, usually
the magnitude or signal transformation), or they do not focus on user-independency
and use cross-validation tests [16], or do not focus on how to estimate where the phone
is carried. We follow a comprehensive approach and analyze the impact of each possible
method and each possible parameter (device, model, user, orientation, position) on the
performance including device and device-model dependency, which is usually ignored

in the previous studies and the same models of devices are used.

1.1. Contributions

e We investigate the fundamental problems of activity recognition using smart
phone sensors from several perspectives, including device and model (hardware)
dependency, user dependency, orientation dependency and phone position depen-
dency. We show that, while the recognition accuracy is not affected by the device
and the device model, user, orientation and phone position dependency impact
the results, when raw acceleration signals in phone coordinates are used.

e In order to provide orientation-independence, we show that using linear acceler-
ation features, removing the effect of gravity, instead of raw acceleration features
improves the results and signal transformation from phone coordinates to earth
coordinates increases the accuracy even further.

e Considering the phone-position independence, we explore three different methods,

including a generalized classifier, a position-specific classifier and a joint classifier,



and show that using a position specific classifier hardly improves the results. A
generalized classifier also performs similarly.

e We collected physical activity data from 20 participants carrying three different
phone models, at different orientations and four phones at the same time at four
different positions. This data is made available for other researchers to be used
as a benchmark in their studies.

e We investigate the impact of feature list on the activity recognition performance
and by following a feature selection algorithm, we showed that using selected
features exhibits better results. We also investigate the impact of the window
size at the segmentation stage of activity recognition and show that using 2.56
or 5.12 seconds windows exhibit better performance compared to shorter window
sizes.

e We also look at the phone position recognition problem using the same method-
ology as in the activity recognition process and showed that the position of the
phone can be recognized with 70% accuracy on average using a user-independent
leave-one-out approach.

e We analyze the performance of activity recognition by using different proposed
methods in the literature to cope with orientation and position independence for
a comparative evaluation on the same dataset.

e We showed that, in some positions it is very difficult to identify sitting and
standing activities, except the pants case where the motion of the leg can be
captured. Hence, combining these activities into a single activity, improves the

results.

1.2. Thesis Outline

The rest of the thesis is organized as follows. In Chapter 2, we present some
background information on the utilized smart phone sensors and the general activity
recognition process using sensing information. In Chapter 3, we present the related
work on activity recognition using mobile phone sensors, particularly those focusing on

the impact of orientation and phone position on the activity recognition performance.



Chapter 4, introduces our methodology for activity recognition, the usage of linear
acceleration, signal transformation from phone coordinates to earth coordinates, fea-
tures list and the classifiers’ details. In Chapter 5, we first explain the data collection
experiments and then elaborate on the results of the experiments. Chapter 6 finally

concludes the thesis and we discuss the future work therein.



2. BACKGROUND ON SENSORS AND ACTIVITY
RECOGNITION PROCESS

In this section, we briefly give background information about the sensors used
in this thesis and the steps of activity recognition process. First, we will explain the
overall concepts like acceleration, orientation and magnetic field, with the sensors that
are used for measuring these physical magnitudes. Then, the details of each step

followed in the domain of activity recognition process will be given.

2.1. Sensors

2.1.1. Accelerometers

Acceleration can be defined as the rate of change in velocity with time. Accel-
eration of an object is determined by a net force applied to it with magnitude and
direction. Since it is a vector quantity, any changes in the direction or speed is also

called acceleration.

There are two kinds of acceleration: average and instantaneous acceleration. Av-
erage acceleration is measured over a finite time interval. In other words, it can be
described as the difference in final and initial velocity on a predefined time interval.
Instantaneous acceleration, in contrast, is the acceleration that is measured over in-
finitely small time interval. In calculus terms, it is idealized as the difference of initial
and final velocity while the time interval is approaching to zero. Also there is a special
case of acceleration called constant acceleration which combines the characteristics of
average and instantaneous acceleration. Free fall is an example to constant acceleration
caused by gravitational force where the both average and instantaneous acceleration is

equal.

Acceleration of an object can be measured with the electromechanical sensor



devices called accelerometer. They are used for measuring the proper acceleration
which is defined as acceleration relative to non-accelerating reference point. There
are variety of usage areas such as medical applications, inertial navigation systems,
structural monitoring, transportation systems and consumer electronics since they are
capable of detecting tilt, vibration and orientation along with acceleration. In the
domain of electronic systems, MEMs based accelerometer technology is widely used in
smart phones. It enables device to detect physical nuances and sense the surrounding

environment.

Most of the Android running devices are equipped with built-in acceleration sen-
sors. Originally, accelerometers on the mobiles were included to enhance user ex-
perience by automatically changing the orientation of the display according to the
orientation of the mobile phone held by the user. However, as widely adopted in the
studies on activity recognition using body-worn sensors, accelerometers embedded in
the mobiles can also be used to recognize the user’s motion and motion-related activ-
ities. On Android devices, the accelerometer measures the acceleration force in m/s2
that is applied to a device on all three physical axes (z, y and z), including the force
of gravity. Figure 2 shows the 3 axes of the accelerometer with respect to the device

coordinates on an Android platform.

2.1.2. Gyroscopes

A gyroscope is a device that measures or maintains the orientation of an object,
using the principles of angular momentum. Mechanically, a gyroscope is a spinning
wheel or disc in which the axle is free to assume any orientation. Although this ori-
entation does not remain fixed, it changes in response to an external torque much less
and in a different direction than it would without the large angular momentum associ-
ated with the disc’s high rate of spin and moment of inertia. The device’s orientation
remains nearly fixed, regardless of the mounting platform’s motion, because mounting

the device in a gimbal minimizes the external torque.

A free gyroscope maintains its axis. Gyroscopes can be used in combination with
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compasses, which complement or replace magnetic compasses (in ships, aircraft and
spacecraft, vehicles in general), to assist in stability or and inertial navigation systems.
In addition to being used in compasses, gyroscopes have been introduced into con-
sumer electronics. Since it allows the calculation of orientation and rotation, designers
have incorporated them into modern technology. The integration of the gyroscope has
allowed for more accurate recognition of movement within a 3D space than the pre-
vious lone accelerometer within a number of smart phones. Gyroscopes in consumer
electronics are frequently combined with accelerometers (acceleration sensors) for more

robust direction and motion sensing.

On Android platforms, gyroscope measures the rate or rotation in rad/s around
a device’s z, y and 2z axes. The coordinate system for the gyroscope is the same as
the acceleration sensor’s coordinates, as shown in Figure 2. Rotation is positive in the
counter-clockwise direction. Similar to the accelerometer, it is included as a hardware

sensor on Android.

2.1.3. Magnetic Field Sensors / Compass

A magnetic field is a mathematical description of the magnetic influence of electric
currents and magnetic materials. The magnetic field at any given point is specified by
both a direction and a magnitude (or strength); as such it is a vector field. The term
is used for two distinct but closely related fields denoted by the symbols B and H.
B refers to magnetic flux density, and H to magnetic field strength. Magnetic flux
density is most commonly defined in terms of the Lorentz force it exerts on moving

electric charges.

On Android platform, geomagnetic field sensor measures the geomagnetic field
strength along the 3-axes. As a hardware-based position sensor, it is used for deter-
mining a device’s physical position in the world’s frame of reference [23]. It uses the

same coordinate system as the gyroscope and the accelerometer.
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Figure 2.1. Typical Steps of Activity Recognition Process [1].

2.2. Activity Recognition

The activity recognition process can be summarized as determining a target set
of activities, collecting sensor readings and assigning sensor readings to the appropriate
activities. In other words, it is the process of how to interpret the raw sensor data to
classify a set of activities. Many of the activity recognition studies, not necessarily
in the field of mobile phone sensing, focus on the use of statistical machine learning
techniques to infer information about the user activities from raw data [6,24]. Figure 2.1
presents the typical steps followed in the activity recognition process and we describe

them in the following subsections.

2.2.1. Preprocessing

The preprocessing step in activity recognition contains filtering noisy output and
removing irrelevant information generated from sensors by applying different kinds of
operations such as low pass, high pass, Laplacian and Gaussian filters. Using these

filters, data can be represented as smoother signals.
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2.2.2. Segmentation

Segmentation is the process of dividing continuous data into meaningful pieces
in an intelligent manner. For this purpose, different segmentation techniques like slid-
ing windows, top-down and bottom-up can be applied on streaming data. These ap-
proaches have their own superiorities and weaknesses in comparison to each other.
Sliding windows can be considered as the most popular and well-known technique in
the literature. Basically, this technique is implemented as dividing streaming data into
equal or varied sized pieces which can be also overlapping on miscellaneous ratios. Cru-
cial part is to determine the optimal size and overlapping ratio of windows since these
parameters have direct effect on the performance of classification. Using equal time
windows may lead to decrease in the complexity of computation, make this approach

preferable in the domain activity recognition.

2.2.3. Feature Extraction

Feature extraction involves simplifying the amount of resources required to de-
scribe a large set of data accurately. When performing analysis of complex data one
of the major problems stems from the number of variables involved. Analysis with
a large number of variables generally requires a large amount of memory and com-
putation power or a classification algorithm which overfits the training sample and
generalizes poorly to new samples. Feature extraction is a general term for methods
of constructing combinations of the variables to get around these problems while still

describing the data with sufficient accuracy.

2.2.4. Dimensionality Reduction

The dimensionality reduction is the process of reducing the number of random
variables in meaningful approach. For high-dimensional datasets, dimension reduction
is usually performed prior to applying classification algorithm. In order to reduce the
dimensions of a feature set different methods are proposed which are grouped under two

main approach. These are feature selection methods and feature transform methods.
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The selection methods are based on selecting subset of elements from a main set whereas
transform methods are used converting existing feature set into small highly delegated

sets.

The main linear technique for dimensionality reduction, principal component
analysis (PCA), performs a linear mapping of the data to a lower dimensional space
in such a way that the variance of the data in the low-dimensional representation is

maximized.

Feature extraction and dimension reduction can be combined in one step using
principal component analysis (PCA), linear discriminant analysis (LDA), or canonical
correlation analysis (CCA) techniques as a pre-processing step followed by clustering

by KNN on feature vectors in reduced-dimension space.

2.2.5. Classification

The classification is the problem of identifying to which of a set of categories a new
observation belongs, on the basis of a training set of data containing observations whose
category membership is known. In the terminology of machine learning, classification
is considered an instance of supervised learning, where a training set of correctly iden-
tified observations is available. The corresponding unsupervised procedure is known as
clustering or cluster analysis, and involves grouping data into categories based on some
measure of inherent similarity. There are several classification algorithms proposed in
the domain of human activity classification. K-Nearest Neighbor, Decision Tree, Hid-
den Markov Models and Naive Bayes are most widely used classification algorithms in

the literature.
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3. RELATED WORK

In this section, we first review the related studies that focus on human activity
recognition using smart phone sensors, in general. Next, we investigate the related work
that specifically focus on orientation and position independent activity recognition.

Finally, we review the studies on phone position/placement recognition.

3.1. Activity Recognition with Smartphone Sensors

In a recent study [14], a review of activity recognition systems using mobile phone
sensors was provided. In general, location- and motion-associated activity recognition
are the two dominating types of activity recognition using mobile phones. Location-
based activity recognition systems aims at associating activities with places, and hence
activities specific to a place can be recognized. For instance, in the Reality Mining
project [25], three basic activities were targeted “home, work, elsewhere”. In location-
based activity recognition systems, usually, cell tower, WLAN, Bluetooth information
is utilized besides GPS. However, the main disadvantage of such systems is that they
can provide only coarse information on activity types, for instance being at work does

not mean having a meeting or working in front of a computer or talking on the phone.

Another larger group of studies in the literature focus on motion-based activity
recognition. In most of the studies, inertial sensors are utilized, whereas in some of them
wireless transceivers (cellular, WiFi) [8,9,26] and in others, other sensors [10,27] such
as GPS, are used. In this section, we particularly review the studies that investigate

activity recognition using inertial sensors as it is the main topic of this thesis.

Accelerometer is the mostly utilized sensor in the studies that make use of inertial
sensors for activity recognition due to its potential in recognizing the phone movements
and the orientation of the phone by using gravity information. Besides accelerometer,
gyroscope together with accelerometer is also utilized in some of the related studies [28,

29]. Additionally, impact of using magnetometer is also investigated in some of the
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related studies [18,30]. In [31], a detailed analysis on the performance of these sensors
in activity recognition, both when they are used alone, as well as in combination with

each other, is provided.

There is a number of recent survey papers reviewing the literature in using inertial
smart phone sensors for human activity recognition [1,14,32,33]. In this section we
specifically explore the studies that focus on orientation and position independence as

a central theme in activity recognition.

3.2. Orientation-Free Activity Recognition

Orientation of the phone is an important parameter in the activity recognition
process using inertial sensors, since the sensor readings are sensitive to orientation
changes with accelerometer and gyroscope. If orientation-independence is not ad-
dressed, users are required to carry the phone in a specific orientation and this lim-
its the practical usage of activity recognition. As mentioned in [1,16], orientation-
independence can be addressed using two fundamental methods. The first method is
to use orientation-independent features. For instance, instead of computing features
from individual 3-axis, features are calculated using the accelerometer magnitude com-
pensating the effect of orientation changes in individual axes [34]. This method has

been used in [10,34, 35] by utilizing the accelerometer magnitude information.

The second method to encounter orientation changes is to use signal transfor-
mation. For example, the coordinate system of the phone is transformed into a global
earth coordinate system [22]. This method has been used in [16,29] by transforming the
phone coordinate system to earth coordinate system. In [36], both of these approaches
are used in combination. In this thesis, we also explore both of the approaches and
find that transforming to earth coordinate system increases the recognition accuracy
more than using only orientation-independent features. We also show that computing
features from linear acceleration instead of raw acceleration improves the results for
coping with the impact of orientation. A similar solution to our methodology was pro-

posed in [37]. Gyroscope was used to detect the orientation of the mobile device. Also
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in [38], a filtering approach was used to estimate and remove the gravity from each
axis of the accelerometer. In our earlier work [39], we also analyzed the user, orien-
tation, and device dependency on the performance of activity recognition using linear
acceleration and coordinate transformation. However, analysis of position-dependency
was ignored, only the KNN classifier was used, and the impact of segmentation and

feature extraction were not investigated. Hence, the analysis was much limited.

3.3. Position-Free Activity Recognition

Position-independence, i.e. where the phone is carried, is also another important
factor in activity recognition process. People carry their phones in different locations,
such as in a bag, in a pocket, in hand while talking, and due to the differences in
signals coming from the sensors at different positions it is a challenge to detect the
user activities. In order to tackle this, different methods can be used. Similar to the
orientation-independence solution, one of the methods is to use context-independent
features. In this method, a generalized classifier is trained using data from all related

positions and it has been used in [10,16,29].

Another method is to use different sub-classes for different body positions, such
that each class is associated with an activity and a position. For instance, walking
while the phone is in a pocket position and walking while the phone is carried in
a bag are considered differently. This method has been investigated in [20, 22, 40].
In [40], ActiServ, a service-based recognition architecture, is presented. ActiServ aims
at minimal personalization effort by the users, and it is mentioned that only 1-3 minutes
of training data for each activity is adequate. The performance of the system is tested
with 20 users and from each user 2-3 minutes of data was collected using the OpenMoko
Neo Freerunner phone. It is reported that if position specific training is used and the
system is tested at the same position as in the training data, the performance of the
system is observed to be 97.3% in terms of accuracy. However, if the training data and

testing data are collected from different positions, the accuracy descents to 60%.

Another method used for position-independent activity recognition is to train a
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separate classifier for each position. This method has been investigated in [16-19,41].
In [17], the focus is only on the walking activity and other investigate the impact
of position on walking speed estimation. It is concluded that, using position-specific
training hardly improves the results. Similarly in [16], it is shown that using position-
specific training improves the results 1-2% on average. In this study, 6 activities, were
targeted, lying, sitting, standing, walking, running, and jumping, and 3 positions were
tested, pocket (shirt), waist (belt) and trousers pocket. Different than these studies,
in [18], it is demonstrated that in certain settings a priori information on location
enhances activity classifier accuracy. Here, the position set was larger: front and back
trouser pockets, in the shirt and jacket pockets, in a short-strap and long-strap bag, in
a backpack, in an armband and in a waist. The activity set consisted of slow, normal
and rush walking, and running. Similarly in [19], it is reported that using position-
specific classification improves the recognition accuracy by 3% on average, compared

to a generalized classifier.

In [20], these three methods are compared where the focus is on patient mobility,
such as Parkinson patients, using smart phone sensors. 3 basic activities are targeted:
sit, stand and walk. However, sit-to-stand and stand-to-sit were included as different
activities to detect the transitions. 4 different phone positions were considered: hand,
belt, pocket and bag. Using HMM and SVM classifiers authors investigate the per-
formance by using a generalized classifier, where no position information is used, a
position-specific model where the position information is known and a joint classifier
where for each position and activity, there was a different class. Collecting data from
12-healthy participants, they show that a joint classifier performs better than the other
approaches. Similar to this study, we also investigate these 3 methods in this thesis for
a comparative evaluation. However, we also have 2 more cases where person-specific
training was used and we target other types of activities and phone positions. Differ-
ent than [20], in our case, the joint classifier performs much worse than the generalized

classifier and the position-specific classifier.

Data collection experiments performed in [16, 18,20] can be considered similar

to our study. However, in [18] device and device-model tests were ignored and the
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impact of the orientation was not considered. In [20], similarly the focus was on posi-
tion dependence and orientation, device and model dependencies were not considered.
In [16], both orientation and position dependency were considered. However, for ori-
entation dependency, only the impact of using signal transformation was considered
and orientation-independent features were ignored and for position dependency, a gen-
eralized classifier and a position-specific classifier were considered and a joint classifier
was ignored. Additionally, device and model dependency were not the focus. Hence,
our main contribution is to explore the parameter space for device, model, orienta-
tion, position and user-independent activity recognition by analyzing the performance
with different possible methods. We follow a comprehensive approach and analyze the

impact of each possible method and each possible parameter.

As reported, in the literature there are studies which state that position-specific
activity recognition improves the results [18,22]. In order to perform position-specific
recognition, first the phone position should be estimated and then a classifier built for
this specific position should be used. Phone position recognition has been previously
addressed in [17,18,21,42], usually using multiple sensors. In [18], light, proximity,
magnetometer, gyroscope, gravity, acceleration and linear acceleration sensors were
employed. In this study, the position recognition accuracy was reported as 92.94%
with the best set of all features and 66% with a selected set of features. In [21], the
focus was on in-pocket versus out-of pocket detection and using only the microphone,
80% accuracy was reported to detect these two classes. The use of accelerometer for
position recognition was discussed in [17], where bag, ear, hand and pocket positions
were considered. The average accuracy was reported as 94%, however, the activity set
included only walking. In [20], phone position recognition was evaluated with three
different method which are generalized classifier, activity-specific classifier and joint
classifier using accelerometer. It was shown that the best results are achieved with the
walking activity. However, the performance of each method varies with the position
and the activity. In this thesis, we explore all these solutions on the same dataset
aiming at a comparative evaluation. We conclude that, position-specific training does
not improve the results compared to a general classifier. Moreover, joint classification

performs worse than the other methods on our dataset.
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In Table 3.1, we provide a taxonomy on the related studies that focus on ori-
entation and position independence. This table also provides a comparative table of
this thesis in relation to the related studies. Although, a few of the works jointly an-
alyze the orientation and position dependency [16,19,22] on the activity recognition
accuracy, either they analyze the performance with only one method (using orientation-
independent features, usually the magnitude or signal transformation), or they do not
focus on user-independency and use cross-validation tests [16], or do not focus on how
to estimate where the phone is carried. We follow a comprehensive approach and ana-
lyze the impact of each possible method and each possible parameter (device, model,
user, orientation, position) on the performance including device and device-model de-
pendency, which is usually ignored in the previous studies and the same models of

devices are used.
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3.4. Phone Position Recognition

As reported, in the literature there are studies which state that position-specific
activity recognition improves the results [18,22]. In order to perform position-specific
recognition, first the phone position should be estimated and then a classifier built for
this specific position should be used. Phone position recognition has been previously
addressed in [17,18,21,42|, usually using multiple sensors. In [18], light, proximity,
magnetometer, gyroscope, gravity, acceleration and linear acceleration sensors were
employed. In this study, the position recognition accuracy was reported as 92.94%
with the best set of all features and 66% with a selected set of features. In [21], the
focus was on in-pocket versus out-of pocket detection and using only the microphone,
80% accuracy was reported to detect these two classes. The use of accelerometer for
position recognition was discussed in [17], where bag, ear, hand and pocket positions
were considered. The average accuracy was reported as 94%, however, the activity set
included only walking. In [20], the evaluation of phone position recognition was per-
formed using three different methods which are generalized classifier, activity-specific
classifier and joint classifier using accelerometer. The highest accuracy is obtained
with the walking activity. However, each method performed divergent on position and

activity basis.

Although, it is not the main focus of this thesis, we also analyze the performance
of phone position recognition using the same settings used for the activity recognition,
linear acceleration, same set of features and classifiers. Approximately 70% accuracy
is achieved and the performance of phone position recognition varies according to the

activity and the type of the acceleration data, i.e., using phone or earth coordinates.
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4. DEVICE, ORIENTATION, USER AND POSITION
INDEPENDENT ACTIVITY RECOGNITION

In this chapter, we explain the methodology used in this thesis for coping with
the impact of the device, orientation, user and position/context dependency on the
activity recognition process. With respect to the steps of activity recognition explained

in Chapter 2 and Figure 2.1, we explain the methods utilized at each step.

The objective of our study is to investigate a possible solution for activity recogni-
tion on smart phones that will enable classification of five different daily activities with
high accuracy, providing not only independency of orientation but also device/model
and user independency, as well. The activity recognition can be simply defined as the
process of how to interpret the raw sensor data to classify a set of activities [14]. As
mentioned, in the literature, statistical machine learning techniques are used to infer
information about the activities from raw sensor readings and this process usually in-
cludes a training phase and a testing phase. The training phase requires the collection
of labeled data to learn the model parameters. Once the data is collected, prepro-
cessing, segmentation, feature extraction and classification steps follow to build the

training model.

Although activity recognition is the main focus in this thesis, we also investigated
the phone position recognition problem. In order to analyze the impact of position de-
pendency on the activity recognition performance, we collected data from 4 different
phone positions: pants pocket, backpack, side bag and jacket’s pocket. One of the
methods that we analyzed was to use position-specific activity classification. However,
in order to perform position-specific classification, we first need to identify the phone
position. In our experiments, we investigated how accurately we can perform the phone
position recognition for position-specific activity classification. Besides activity recog-
nition, position recognition can be used for managing the resources of the phone. As an

example, if the phone is detected in the pocket, the phone screen can be automatically
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Figure 4.1 shows the block diagram of activity and phone position recognition

steps.

In the data collection step, embedded sensors are used to compute gravity

component in order to obtain dynamic acceleration value. This value can either be

read in phone coordinate system or converted into earth coordinate system with the

help of magnetic field sensor. Afterwards, time and frequency domain features are

calculated for each segment of the data. In the final step, the classifier algorithm is

used for the recognition of activities. In the following subsections we explain the steps

of activity and phone position recognition followed in this thesis.

r
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Figure 4.1. Activity and Phone Position Recognition Block.
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4.1. Data Collection: Raw Acceleration, Linear Acceleration and

Coordinate Systems

The embedded accelerometer of a smart phone measures the acceleration applying
on the phone. If the device is not subject to any other acceleration, such that the device
is stationary or moves with constant speed, the accelerometer only measures the gravity
that points toward the center of the Earth. However, if there exists acceleration other
than gravity, phone will measure the combination of both this acceleration and the
gravity. In our work, we refer to this as “raw acceleration”. In general, the raw

acceleration can be defined as follows:

Raw Acceleration = Linear Acceleration 4+ Gravity

Linear acceleration can be defined as the acceleration without the effect of gravity.
It can be calculated by the subtraction of the gravity components on z, y and z axes
from the same three axes with the raw accelerometer values. The gravity component
measured on each axis of an accelerometer changes according to the orientation of
the phone. If the orientation can be calculated correctly, it would be possible to find
the corresponding gravity vector being applied on each axis respectively. Android OS
sensor framework uses accelerometer, gyroscope and magnetic field sensors to obtain

the linear acceleration and the gravity components on each axis separately.

These sensors have strengths and weaknesses but by using sensor fusion their
weak points can be alleviated. An accelerometer measures gravity but it can fail
under any other linear acceleration and also the output is usually noisy. Gyroscope
measures angular velocity, the output is responsive but it adds drifts to output which
causes measurement errors over time. Magnetometers provide heading towards the
magnetic field of earth but they are easily effected from other magnetic fields and
also their response time is low which can cause erroneous measurements on sudden
movements. Gyroscope can measure angular speed on 3-axis, by integrating these

outputs, absolute orientation of the phone could be obtained. But small errors in
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the output of gyroscope can add noticeable drift with the integration over time. The
orientation of the smartphone also could be determined by using the accelerometer and
the magnetic field sensor pair. If the device is not subject to any other acceleration
(the device is stationary or moves with constant speed), the accelerometer measures the
gravity acceleration that points toward the center of the Earth, so with this information,
the tilt angles around z and y axis can be determined. Also, the magnetic field sensor
provides the magnetic vector in three axes. This sensor could be utilized to derive the
device’s z axis rotation angle which is defined as the angle between the magnetic north
direction and the y axis. With the fusion of the data from the accelerometer and the
magnetic field sensor, it is possible to detect the orientation of the device. But this
combination has some drawbacks like noisy output from accelerometer or low response
time and inaccurate readings from the magnetic field sensor. In order to overcome
these limitations, Android sensor framework integrates the gyroscope into the system.
The gyroscope has high response time and provides smooth outputs but its frailness
comes from the fact that it drifts over time. The gyroscope provides rotation speeds
relative to the phone’s own coordinate system and this data can be used to correct
errors caused by the accelerometer and the magnetic field sensor. With the fusion of
these sensors, using the rotation vector which contains the rotation angles along each
axis, it is possible to calculate the orientation of the phone. So, the gravitational force
being applied on each axis of the accelerometer can be excluded and pure accelerometer

values (linear acceleration) can be obtained.

Accelerometer and the magnetic field sensor can also be utilized to convert the
acceleration output of the smart phone from its body frame of reference to the earth
frame of reference. With the capabilities of accelerometer and magnetometer, if all
acceleration outputs are generated according to a single reference point, similar mea-
surements can be observed for the same set of activities regardless of the orientation
of the phone. But in order to do that, we should cover some basic concepts about
the coordinate systems, orientation and rotation. Figure 4.2 shows the 3 axes phone

coordinate system in general.
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% |
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Figure 4.2. Axes and rotation angles in Android OS [2].

When a smartphone is put on a table, the z axis is horizontal and points to
the right, y axis is vertical and point to the up, and z axis points out of the screen.
This coordinate system is independent from the orientation of the phone. In order to
express accelerometer readings in terms of the Earth’s coordinate system rather than
the phone coordinate system, we need to describe angular changes in rotation using
rotation angles which are named as Azimuth, Pitch and Roll. The order in which these
angles are applied to determine the orientation is important. Because applying these
angles in a different order may lead to completely different final orientations. The

accepted convention on applying these angles are first azimuth then pitch and finally

roll.

e Azimuth “U” rotation around z axis and its range is from 0° to 360°.
e Pitch “O” specifies rotation around z axis and its range is from -180° to 180°.

e Roll “®” describes rotation around ¥y axis axis and its range is from -90° to 90°.

Pitch and roll angles can be determined using the gravity measuring characteristic
of the accelerometer. Azimuth angle can be computed by utilizing the magnetic field
sensor as a compass. A three-axis accelerometer-embedded smartphone which is put
horizontally on a table, can measure the gravitational force g, in Earth’s coordinate

system with Equation 4.1:
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e 0
G,=|a,|=Rg=R|0 (4.1)
G, 1

G, represents the magnitude of gravity vector measured in all three axis by
Gopx;, Gpy and Gy, respectively. Since the device is placed horizontally on the table,
accelerometer measures the gravity only on z axis. R is the rotation matrix describing
the orientation of the phone relative to the Earth’s reference of frame. Rotation matrix
R can be composed of pitch, roll and azimuth rotation matrices. The orientation of the
smartphone can be calculated by using these azimuth, pitch and roll rotations from a
known initial position. Also pitch, roll and yaw angles can be expressed in terms of

rotation matrices as follows:

1 0 0
R.(0) =10 cos() sin(9) (4.2)
0 —sin(@) cos(0)
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0
Roy: | 0| = Re(O)R,(@)R.(¥) [ O (4.5)
1

With the multiplication of rotation matrices in Equations 4.2, 4.3 and 4.4 we get

the following rotation matrix in Equation 4.6:

—sin(¢)
= | cos(¢)sin(0) (4.6)
cos(p)cos(0)
—sin(¢) G _sin(¢)
S ' 1 - ' 47)
1, = | cos(¢)sin(f) | = N Gpy | = | cos(¢)sin(0) (4.
cos(¢)cos(0) G, cos(8)cos(8)

Equation 4.6 can be expressed as Equation 4.7 to extract pitch and roll angles
from the normalized accelerometer reading G,. Using Equation 4.7, pitch and roll

angles can be calculated as follows:

—=) (4.8)
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—Gp ) = —Gps
Gpysin(0) + Gp.cos(0)” /G2 + G2,

tan()ay: = (

2-axis magnetic field sensors can measure the azimuth in horizontal plane accu-
rately if it is flat to the magnetic field of earth. The changes in the inclination of
magnetic field sensor will introduce errors to the calculation of azimuth. So tilt com-
pensation is needed to remove erroneous output. Smartphones are equipped with 3-axis
magnetometers and with tilt compensation feature, azimuth angle can be calculated

as:

Y orizonta,
tan(y) = (5 ==") (4.10)
horizontal

X and Y refer to the horizontal readings from the magnetic field sensor. With
mathematical origins of the azimuth, pitch and roll calculation are shown, rotation
angle calculation can be done easily. Android OS defines the rotation matrix as a
virtual sensor like any other real sensors, accelerometer, gyroscope or magnetic field
sensor. Sensor manager generates corresponding rotation matrix according to the pro-
vided gravity and magnetic field outputs. Hence, linear acceleration readings in phone
coordinates Ay, can easily be converted to the reference frame of earth Ay, with the

following formula which is similar to the Equation 4.1:

Ar.=RAp, (4.11)
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As illustrated in Figure 4.3, using the capabilities of the three sensors, the co-
ordinate system of the phone could be converted to the earth magnetic coordinate
system [23]. So fused sensor system generates the same acceleration output indepen-
dent of orientation of the phone during the motion. In our data collection experiments,
the rotation matrix provided by the Android system was used to convert the linear ac-
celeration readings from the phone coordinates to the earth coordinates using Equation

4.11.

>

&

@

4

Figure 4.3. Conversion from Phone to Earth Coordinate System using accelerometer,

gyroscope and magnetic field sensor.

Using the fused sensor output increases battery usage as well. In a related study
[3], using accelerometer, gyroscope and magnetometer at the same, depletes battery
4 times faster compared to using only accelerometer. But since all these sensors have

small impact on battery usage, this effect is acceptable in terms of battery life.

Telaphony
Location Network
Location GPS
Barometer
Prosimity
Luminance
Magnetometer
Accelerometer
Gyroscope
Orientaticn
Gravity
Linear Acceleration
Rotation Vector
Wi-Fi
Bluetoath
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Logged sensor

Figure 4.4. The hourly battery impact (%) of the core sensors [3].
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4.2. Segmentation

Segmentation could be stated as the first preprocessing step of the activity recog-
nition block. Selecting ideal size for data partitions is vital on the success of the activity
recognition process. We used equal length non-overlapping and overlapping windows in
our research since they are proven to be lightweight in terms of computational needs. In
the first step, we examined the effect of using non-overlapping and overlapping windows
on the recognition accuracy. With the 50% overlapping ratio, we obtained significant
increase in the recognition results for both KNN and DT classifiers. So we decided
to use overlapping windows in the following steps. Then we investigated the effect
of window size on the classification performance. We again compared classification
accuracies of KNN and Decision Tree algorithms using simple and extended feature
sets segmented on different lengths. Some of the entities in the extended feature set
were calculated using FFT. The FFT based calculations need the length of data to be
power of 2, if not zero padding is applied to fit the length for calculation. In order to
avoid zero padding, we selected data lengths as 1.28, 2.56 and 5.12 seconds and com-
puted features of simple and extended sets according to these values. We did not use
the window lengths under 1.28 second because it would not be possible to distinguish

periodic activities under this time span.

4.3. Feature Selection: Simple and Extended Features

In the feature extraction step, first, we calculated time domain features like mean,
variance and standard deviation from the magnitude of accelerometer axes, and also
each individual axis separately. With the low accuracy results encountered in the
orientation and user independent experiments, we decided to supplement the feature
set with the frequency based features like zero crossing rate, maximum correlation
index, period and FFT coefficients. Frequency based features need more computation
effort but they are good at detecting periodic patterns in the activity data. As indicated
in Figure 4.1, extended feature set consists of both time and frequency based features

while simple feature set consists only time domain features.
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After the calculation of simple and extended feature sets, dimensionality reduc-
tion procedure was applied with both classifiers to obtain the optimal combination of
features that will be used as system parameters on the construction of activity recogni-
tion block. As introduced in Chapter 2, there are several techniques for dimensionality
reduction but in this research, we used feature selection approach instead of the feature

transformation techniques.

In this research, sequential forward selection (SFS) algorithm is used as the fea-
ture selection technique. Sequential forward selection is simply based on creating can-
didate feature subsets of the main set and adding each element, that increases the
prediction accuracy, one by one to the feature set until there is no further improve-
ment [43]. In our study, SF'S algorithm is executed 10 times for each case to avoid a
local maxima and minima. In the each iteration of experiments, feature selection algo-
rithm was executed for both classifiers to obtain best fitting feature set. The selection
rates of features on experiment basis are presented in Tables A.1, A.2, A.3, A.4, A.5,
A.6 and A.7 in Appendix A. Table 4.1 summarizes the selected feature sets in the each

batch of experiments.

Table 4.1. List of selected features for activity and position recognition, in each

iteration of the tests.

Iteration KNN DT
Raw Umnuzva'zazcrmvlmazco7,,.;Tm> o—m7/1/z10-27Zcrm>Imazcm.,.aTma
Acceleration Fe, 4 Fo, .
Li 2 2
mear Moy Oy oy oy s zy Oz HmyOm, Oz, Oylhz; Oz,
Acceleration 2CTms Imazeyrrs Ly Fey s 2CTmy Dmamogyrs Ims Fey s
Position 2 o2
Hms Omy Py Py s Pz Oz Hms Omy Ogy Oys Hzy Oz
Tests 2€Tms Imazoorrs Ty Feq_1o 26T, Imaz corrs Ty Fey g5 Fes_1g
o . 2
Position Hmy Om, Py Oy Hy, Oy, Bz, Oz, Hmy Omy Has Oy by Oy Oy iz O 2,5
ReCOgnlthn ZCTWH Imawcmv,.; Tm> FCQ,:; 9 FC5,3; ch ZCTm, Ima$CO7.7.a Tm7 F61757 FC7,83 FCIO
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4.4. Classification

As outlined in Section 1, in this study we focused on two different domains in
smartphone based pattern recognition studies. Primarily, we probed activity recog-
nition on smartphones phenomenon from several perspectives. As a secondary and
minor branch, we have researched position classification using same sensors with ac-
tivity recognition study. In order to do that, we selected K-Nearest Neighbors and
Decision Tree algorithms for performance evaluation since they are both lightweight
and need less computational resource compared to more complex algorithms in the lit-
erature. Moreover, they are widely used in the litearture [1,14,35,44]. These conditions

make both algorithms perfect candidates for classification using smartphone.

K-Nearest Neighbors. In pattern recognition, K-Nearest Neighbors is a type of
instance-based learning algorithm and it is used for classification and regression. In
a multidimensional space, given N training vectors, KNN algorithm identifies the K
nearest neighbors of any test sample vector using a distance metric. Basically, label
of the test vector V can be estimated by calculating the distance to each training
vector in terms of a distance metric. The class label of the test vector is determined
by selecting the frequent class label in the K nearest neighbor sample set. There
are several distance metrics used in the algorithm such as Euclidean, Minkowski and

Mahalanovis distance. In our research, we used Euclidean distance as distance metric.

Figure 4.5 shows the classification of vector x using Euclidean distance in a two
dimensional vector space consists of class labels + and -. The nearest K neighbor set
of vector z consists of three + class and seven - when K is selected as 10, as a result

the class label is predicted as -.

Decision Tree. Decision Tree is a supervised learning method used in machine
learning, artificial intelligence, statistics and data mining. Decision Tree, in machine
learning, is a prediction model that estimates the value of a variable, using a previously
constructed tree based on the given observations. When the set of values that the

target variable can take is finite, it is called classification tree. In classification trees,
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Figure 4.5. K-Nearest Neighbors of a test vector z in a two dimensional vector space

when k=10.

branches represent features and leaves represent class labels. A decision tree can be
built by splitting training data set into the smaller subsets using the values of the
features. In this phase, the process of progressively splitting the data into small subsets
is called recursive partitioning. Recursive partitioning continues until there is no further
labelling in the branches of a node. After the training phase, classification begins at
the root node and follows the path to the corresponding leaf node. Decision trees are

easy to understand and visualize, performs well and fast even with large training sets.

4.4.1. Activity and Position Classification

As a major part of our study, we have studied the classification of daily activities
including walking, running, biking, sitting and standing using embedded sensors of
smartphones. The selection of this set of activities was motivated by the popularity of
these classes in the related studies as also identified in the survey studies [1,14,32,33], so
that we can compare our findings with similar studies. We evaluated the performance

of the activity classification according to the several dependency conditions:

Orientation. Most people carry their smartphones on their outfit, trousers, jack-

ets, shirts and sometimes on their bag. For example, when the phone is placed in
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the pocket of trousers, it usually stays in the vertical orientation because of the tight
environment. But when it is placed in the side pocket of a jacket, it is tend to stay
in horizontal state. Or there may be orientation transitions according to loose car-
rying environments. The differences in orientation of the phone directly effects the

classification accuracy since the readings from sensor outputs may vary.

Phone model. There are several phone models in the market and every model
have different capabilities or sensor sets. Also there are many sensor models that is
produced by different semiconductor manufacturers. The model diversity in integrated
chip models and calibration problems even in the same chip models result in different
readings on the sensor outputs. All these conditions effect the accuracy of the activity

classification in smartphones.

User. People have different movement characteristics that arise from their phys-
ical conditions. The movement patterns of each person are determined directly from
their postures and gaits. When creating an activity classification model, selecting a
wide training set is important on accurate predictions of the classifier but most of the
time this is not possible. So selecting the correct features that highlights the charac-
teristics of different activities play important role on decreasing user dependency of

classification.

Position. The position/placement of the phone while performing an activity

impacts the readings of the sensor.

¥ Use Other
Lanyards 4%
5%

¥ Change from " Inthe bag
day to day 35%
13%
Chest ——
Pocket —® Pants
13% Pocket
30%

Figure 4.6. The position of smartphones in daily life [4].
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In phone position classification, we focus on 4 different positions: pants’ pocket,
side bag, backpack, jacket/coat bag. These positions are selected according to their
popularity among the users and their use in the related studies [18-20]. In [4], the
results of a survey on phone usage was shared and it was mentioned that 77.6% of
respondents always put their mobile phones in the bag, pants pocket, and 13.2% of
people change the mobile phone position from day to day.
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5. PERFORMANCE EVALUATION

In this chapter, we present the results obtained during the performance evaluation
of the activity and position recognition methodology explained in Chapter 4. First,
we will explain the data collection experiment setup and the system parameters, and

next, we will show the results and improvements in each section.

5.1. Android Application

In order to collect activity data from the participants, a data logging application
was developed in Android environment since it grants more control on the embedded
sensors. It is a user-friendly application and it does not require any expertise to use.
Before performing the activity, user selects the ground truth label from the list, and
then puts the phone into the predetermined position (backpack, pocket, etc.) and
performs the activity. Sampling rate of tge sensor manager in Android OS is selected
as 100 Hz since we do not want to lose any meaningful movement pattern during data
collection phase. However, this rate can be decreased in a practical application to

conserve battery.

5.2. Data Collection Scenarios

The data collection phase consisted of three iterative batches. In the first stage,
recognition accuracy of the system was measured by different dependency conditions,
such as orientation, device and user basis, using only the accelerometer sensor. In the
second stage, acceleration readings are isolated from the gravitational force and the
linear acceleration data was collected by enabling the use of the gyroscope and the
magnetic field sensors. This fused sensor data also made it possible to convert readings
from phone coordinate system to the earth coordinate system. Hence, the same data
collection scenarios were performed again with the same set of subjects to collect linear
acceleration readings both in the phone and earth coordinate systems together. In the

initial batch, pockets of the trousers are selected as the most suitable place to carry the
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phone, as in most of the previous work [14]. In the third and final batch, 4 identical
smartphones were placed on different positions, namely the trousers pocket, jacket
pocket, side bag and backpack simultaneously before starting the collection of activity
data. Hence, the effect of place where the phone is carried on the recognition accuracy

can be evaluated with these data.

In the first two data collection sets (raw and linear acceleration data), tests were
performed to measure the orientation, device and user dependency of the activity
recognition system. Hence, we had 3 different data collection sessions performed by

each individual:

e Orientation tests: carry the same phone in vertical/horizontal orientations to
investigate orientation dependency.

e Device tests: carry the same model phones (Device A/B) in the same pocket to
find the effect of the device difference, i.e. calibration, on recognition accuracy.

e Device-model tests: carry different model phones (Model X/Y) in the same pocket

to measure the effect of the phone model.

For testing the user dependency, participants did not perform extra data collec-
tion but in the mentioned tests above, all participants carried the same set of devices to
evaluate the user dependency and on 4 different positions to investigate the position de-
pendency. In the final tests, 4 different phones were placed on the mentioned positions
with random orientations to make experiments closer to the real-life usage scenario. In

the following subsections, we explain the details for each of the data collection batches.

5.2.1. Raw Acceleration Data Collection

In the first data collection stage, 4 female and 16 male, total of 20 healthy par-
ticipants between the ages 18 and 59 were asked to perform five locomotion activities.
All participants were wearing trousers and phones were placed into their pockets before
performing each activity. All activities were performed for 3 minutes and a total 15

minutes of raw acceleration data was collected from every participant in each step of
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the experiments. Two Samsung Galaxy W and one Samsung Galaxy S3 model smart
phones were used. In the orientation tests, first, participants were asked to perform the
given activities while the phone was placed vertically in their pockets whereas in the
second step phone was placed horizontally. In the device dependency experiments, first,
subjects were asked to carry the same model devices (Two Samsung Galaxy W device)
in the same pocket and then different models (One Samsung Galaxy and Galaxy S3)
while they were performing the related activities again. Finally in the user dependency
experiments, the data was collected from different participants by carrying the same

device in the selected orientation.

5.2.2. Linear Acceleration Data Collection

In the second data collection stage, same set of participants were asked to perform
the predefined set of activities with the previous conditions. After analyzing the data
(results will be discussed in Section 5.3.4), since the effect of phone/device model
on recognition rates in the first step of experiments are found to be negligible, these
test are removed from the schedule in the linear acceleration data collection. First, a
Samsung Galaxy S3 model phone is placed in vertical orientation to the side pocket
of participants’ trousers, then activities are re-performed while phone is horizontally
placed. This time, data collection application is modified for collecting fused sensor
data from accelerometer, gyroscope and magnetic field sensor. Fused sensor data are
sampled according to two different coordinate systems; phone’s own coordinate system

and earth coordinate system using the transformation method explained in Chapter 4.

5.2.3. Data Collection with Different Phone Positions

In the final step, 3 female and 7 male, total of 10 healthy participants between
ages of 22 and 51 were asked to perform the same set of activities with the previous
conditions. This time, 4 identical smartphones (Samsung Galaxy S3) are used for
collecting movement data from different parts of the body. In a real life scenario, users
generally carry their phones in their trousers, jackets or coats. If they use bags, they

usually choose side-bags or back packs. In the experiments, phones were placed in
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these four locations before they start performing activities.

5.2.4. Activity Recognition Phase

In the classification phase, collected data from all individuals was evaluated sep-
arately and classification results were calculated on a subject basis. In the orientation
dependency tests, while the data collected in one orientation was given as the training
set, the data coming in the other orientation was used as the test data in the classifier.
Again in the device dependency tests, the data collected in one device was used as the
test set and the data collected with the other device as the training set. In the user
dependency tests, the leave-one-out approach was used. In the position dependency
tests, classifying process was performed in a user, activity and context basis. The
collected data was processed offline: first, two feature sets (one is subset of another)
are extracted from the raw data, then dimensionality reduction operation is performed
and finally the classification was applied using the KNN and DT classifier available
in the MATLAB statistics toolbox. Non-overlapping and 50% overlapping windowing

approaches are applied during segmentation.

5.3. Experimental Analysis Results

In this section, we present the results of the activity recognition experiments on
the collected data, following the same sequence explained in Chapter 4, first the results
with raw acceleration, then the results with linear acceleration, and finally the results

of the phone-position data collection experiments.

5.3.1. Analysis of Device, Device-Model, Orientation, and User Depen-

dency with Raw Acceleration Data

In the first attempt, the recognition accuracy of the system was measured using
the simple time domain features, including the mean, the variance and the standard
deviation. Features of each window were calculated using the magnitude of the ac-

celerometer axes and also each of the axes separately. As a result, a feature vector
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with a length of 12 was obtained. In these experiments, the experimental parameter
set included the window size and approach in the segmentation phase, feature list in
the feature extraction phase and the classifiers (DT and KNN) in the classification
phase. In order to see the effect of windowing approach, first data was segmented
into 1 second of non-overlapping continuous parts and secondly it is divided into 50%
overlapping pieces. The features calculated from each segment are sent to the dimen-
sionality reduction step. The wide set of features extracted in the previous step was
reduced to 3 features that are the standard deviation of the magnitude and z axis,
also the mean of z axis. This reduction was performed by selecting the features which
improve the recognition rates most using the sequential-forward selection according to
KNN and DT classification algorithms separately. The results of the dimensionality

reduction phase is given in Appendix A.

Table 5.1. Comparison of orientation, model, device user dependency using

overlapping and not overlapping windows and the classifiers.

Orientation | Same Model | Different Model User
Overlapping Ratio 0% 50% 0% 50% 0% 50% 0% 50%
KNN 85.8% | 86.3% | 97.3% | 97.5% | 95.7% 95.2% 90.3% | 90.4%
DT 84.1% | 85% | 96.2% | 96.3% | 92.9% 93.5% 88.5% | 88.9%

Table 5.1 shows the results in terms of accuracy for the different data collection
scenarios, for 2 different windowing approaches and 2 different classifiers in terms of
orientation-dependency, model-dependency, device dependency and user dependency
using the mentioned feature list. In Table 5.1, we see that when the same model
phones are carried in the same pocket, around 96-97% accuracy can be achieved while
it is approximately 95% if the phone model is different. Also in the user dependency
tests, 88-90% accuracy is achieved. However, the accuracy in the orientation test is
lower compared to the other tests. Investigating the windowing approach, as it is seen
on Table 5.1, with the 50% overlapping windows, small improvements on recognition
rates can be obtained for each case. Although it is small, since it has a noticeable

effect on the classification accuracy and usually the related studies also utilize over-
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Table 5.2. The effect of using different window sizes on recognition rates with the

simple feature set.

Orientation Same Model Different Model User
Window (sec) | 1.28 | 2.56 | 5.12 | 1.28 | 2.56 | 5.12 | 1.28 | 2.56 | 5.12 | 1.28 | 2.56 | 5.12
KNN 85.7 | 86.4 | 86.1 | 97.5 | 97.7 | 97.8 | 96 | 96.3 | 96.1 | 90.1 | 90 | 90.7
DT 85.6 | 85.8 | 86.1 | 96.3 | 96.5 | 96.1 | 92.6 | 92.5 | 92.7 | 88.8 | 88.6 | 88.9

lapping windows [14], it is decided to use 50% overlapping approach in the upcoming

experiments.

We also investigated the window size on the recognition accuracy. As mentioned,
initially we used 1 second window size. To investigate this issue, the data is processed
with three different window sizes: 1.28 seconds, 2.56 seconds and 5.12 seconds. The
reason to select such window sizes is that, when we compute the FFT-based features
(using different features will be discussed next in this section), it is required to select
window lengths as a power of 2. In order to do a fair comparison with using frequency
domain features, whose results are presented further in this subsection, we utilize the
same window sizes for the simple features. Results are presented in Table 5.2. Results
are very similar to the results achieved with 1 second windows given in Table 5.1 and

using different window sizes with simple feature set did not impact the results.

In the next step, we investigate whether using an extended feature set can help
to improve the classification accuracy. Additionally, in order to investigate the effect
of the window size, collected data were segmented into different size windows such
as 1.28, 2.56 and 5.12 seconds. Since the extended feature set consists of frequency
domain features, it is required to select window lengths as power of 2, in order to
make these FFT based calculations. As it is mentioned for the simple time-domain
features, similar steps for feature extraction and selection operations are applied to the
extended feature set. As a result, frequency domain features, including the first 10

FFT coefficients, zero crossing rate, maximum correlation value and period are added
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Table 5.3. The effect of using an extended feature set and window sizes on

recognition rate.

Orientation Same Model Different Model User
Window (sec) | 1.28 | 2.56 | 5.12 | 1.28 | 2.56 | 5.12 | 1.28 | 2.56 | 5.12 | 1.28 | 2.56 | 5.12
KNN 87.3 | 87.5 | 85.8 | 97.7 | 97.8 | 97.8 | 96.5 | 96.9 | 97 | 90.5 | 91.1 | 91.3
DT 83.3 1821 | 821|965 |96.8| 96 | 925|926 | 926 | 91.7 | 93 | 94.1

to the simple feature set to obtain the new feature set. Table 5.3 shows the recognition
rates of KNN and DT classification algorithms for different 50% overlapping window

sizes on each experiment.

In Table 5.3, we observe that considering the model and device dependency,
results are very similar with using simple features (Table 5.2). When we compare the
results for the orientation experiments, with KNN classifier, results improve by 1-2%,
whereas it is similar for the DT classifier. Considering the results of user dependency;,
using the extended feature set with the DT classifier, increase in results vary from
2 to 5%. As these results suggest, we can achieve acceptable accuracy results with
different devices and models. However, when the orientation of the phone changes, the

accuracies are lower and this holds for the user tests as well.

Table 5.4. Recognition rates after applying normalization on the feature set.

Orientation Same Model Different Model User
Window (sec) | 1.28 | 2.56 | 5.12 | 1.28 | 2.56 | 5.12 | 1.28 | 2.56 | 5.12 | 1.28 | 2.56 | 5.12
KNN 90.2 | 91.5 | 92.3 | 98.7 | 98.9 | 99.1 | 98.2 | 98.4 | 98.8 | 96.0 | 96.2 | 96.4
DT 84.6 | 84.2 | 84.9 | 96.7 | 96.9 | 96.9 | 93.5 | 94.1 | 93.1 | 96.1 | 95.9 | 96.6

With the lower results obtained in orientation and user dependency tests, we
focused on enhancing our classification quality. First, we investigated the basis of our
classification algorithms. In our KNN implementation, we used Euclidean distance as

distance metric and Euclidean distance is simply based on the straight line distance
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between two points in Euclidean space. In our feature set, there are several features on
different scales which may affect the classification accuracy directly in Euclidean based
distance calculation. So we decided to apply normalization operation on feature set.
Table 5.4 confirms our assumption that there are significant increase (5-6% in some
window sizes) in recognition rates of orientation and user dependency test using KNN
classifier. There is an important drawback of applying normalization on the feature
set during online activity classification. Normalization operation needs huge amount
of computation power which makes it less preferable choice on the smartphone based

activity recognition environment.

Table 5.5. Recognition rates after applying filtering during the classification.

Orientation Same Model Different Model User
Window (sec) | 1.28 | 2.56 | 5.12 | 1.28 | 2.56 | 5.12 | 1.28 | 2.56 | 5.12 | 1.28 | 2.56 | 5.12
KNN 87.7 1 884 | 89.1 | 97.2 | 99.1 | 989 | 97.9 | 97.7 | 98.2 | 91.2 | 92.2 | 94.3
DT 87.1 | 87.2 | 89.2 | 96.6 | 97.7 | 98.2 | 95.2 | 93.6 | 97.4 | 92.2 | 94.0 | 95.2

So, we decided to move forward with another approach which has to be lightweight
for the use in mobile environment. We proposed using filtering during the classification
phase. Our filtering approach is simply based on labelling the class of a window by
utilizing previous sequential class labels. For instance, in a set of consecutive windows,
the class label of first 5 window is determined as sitting and 6th window as running.
Filtering simply evaluates the class labels of these 5 windows and alters the class label
6th window as sitting. This operation is performed by weighting classification output
and history information then deciding the class label according to majority voting.
Table 5.5 shows that there are noticeable increases up to 4% percent in some window

sizes using both classifiers.

As indicated in Table 5.3, orientation and model tests have better accuracy for
2.56 second length windows while this is true for 5.12 second windows for different
model and user dependency tests. Also, even with the use of extended feature set,

the success of orientation and user dependency cases are lower compared to the results
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of the model tests. When we analyze the confusion matrices of orientation and user
dependency tests for KNN and DT classifiers, biking activity has considerably low
accuracy compared to the other activities. Confusion matrices for both classifiers for
the orientation tests with 1 second windows is given in Table 5.6. Classifiers tend to
confuse the walking and running activities, since performing speed of these periodic
activities may vary among subjects. Biking activity is confused with walking and

sitting, since the users sometimes stop while pedalling during the biking activity.

Table 5.6. Confusion matrices for orientation tests with KNN and DT classifiers.

KNN DT
Run Stand Bike Sit Walk Run Stand Bike Sit Walk
Run 83.2% 0.3% 5.1% 0.1% 11.3% | 84.1% 3.5% 3.4% 0.1% 8.9%
Stand 0% 97.7% 0% 2.3% 0% 0.2% 97.4% 0.1% 2.3% 0%
Bike 2.9% 4.7% 68.9% 7.3% 16.2% 9.4% 5.4% 64.9% | 10.4% 10.1%
Sit 0% 4.6% 2.3% 93.1% 0% 2.3% 6.8% 2.4% 88.5% 0%
Walk 0.6% 0.6% 5.2% 0% 93.6% 2.0% 4.7% 4.8% 0% 88.5%

Table 5.7. Confusion matrices for user tests with KNN and DT classifiers.

KNN DT
Run Stand Bike Sit Walk Run Stand Bike Sit Walk
Run 84.1% 0.3% 1.8% 0.2% 13.6% | 87.2% 0.2% 0.7% 0.2% 11.7%
Stand 0% 96.1% 0% 3.9% 0% 0.2% 95.3% 0% 4.3% 0.2%
Bike 2.4% 0% 94% 1.1% 2.5% 2.2% 0% 94.5% 1% 2.3%
Sit 0% 4.6% 0.1% | 95.3% 0% 0% 4.5% 0.3% 95.2% 0%
Walk 12.1% 0.2% 0.1% 0% 87.6% | 11.7% 0.1% 0.7% 0% 87.5%

5.3.2. Analysis of Orientation, and User Dependency with Linear Acceler-

ation Data

After expanding the feature set with the frequency domain features, as mentioned
we still encountered results with lower accuracy in the orientation and user tests. The
orientation of a phone can be recognized by fusing sensor data from the accelerometer,

the gyroscope and the magnetic field sensor, hence, the gravity component on each axis
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can be isolated to obtain the linear acceleration values. In order to measure the effect
of the linear acceleration on the recognition rates, new tests are performed with the
same set of 20 participants again. In these tests, the linear acceleration data referenced
by the phone and earth coordinate systems were collected at the same time. Only the
extended feature set is used in the classification since it provided better results in the

initial tests, explained in Section 5.3.1.

As illustrated in Table 5.8, in the orientation tests the recognition accuracy in-
creased to 91-92% with the new dataset using the linear acceleration values when the
phone coordinate system was selected as the reference. Also in the user-dependency
tests, the recognition accuracy increased to 93-94%. But with the use of earth coordi-
nates, orientation dependent recognition accuracy increases to 94-95% and it inclined

up to 98% for the user dependency case.

Table 5.8. Accuracy of KNN and DT classifiers for different window sizes on phone

and earth coordinate systems using linear acceleration.

Phone Coordinate System Earth Coordinate System

Orientation User Orientation User
Window (sec) | 1.28 | 2.56 | 5.12 | 1.28 | 2.56 | 5.12 | 1.28 | 2.56 | 5.12 | 1.28 | 2.56 | 5.12
KNN 90.7 | 91.6 | 91.8 | 92.83 | 92.78 94 94.65 | 95.05 | 95.2 | 97.25 | 97.7 | 98.6
DT 89 190.5 | 90.48 | 93.48 | 94.6 | 93.75 | 92.95 | 92.85 | 95.7 | 96.2 | 96.8 | 96.7

Confusion matrix for the KNN classifier for the orientation tests using linear
acceleration is given in Table 5.9. The table shows that, when we consider using phone
coordinates, the recognition rate of biking activity increased significantly compared
to the results in Table 5.6. Also the recognition accuracy for running and sitting
activities increased. However, there is a decrease in the recognition of standing and
walking activities using phone coordinates. Similar results are observed for the DT

classifier.

Before the design decision of fusing the accelerometer, the gyroscope and the
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Table 5.9. Confusion matrices for orientation tests with KNN classifier using linear

acceleration and different coordinate systems.

Phone Coordinate System Earth Coordinate System
Run Stand Bike Sit Walk Run Stand Bike Sit Walk
Run 99.9% 0% 0% 0% 0.1% 100% 0% 0% 0% 0%
Stand 0% 93.0% 0% 7.0% 0% 0% 93.2% 0% 6.8% 0%
Bike 1.0% 0% 89.5% 0.8% 8.7% 0% 0% 89.8% 0% 10.2%
Sit 0% 5.2% 0% 94.8% 0% 0% 0.1% 0% 99.9% 0%
Walk 0% 0% 12.7% 0% 87.3% 0% 0% 8.6% 0% 91.4%

Table 5.10. Confusion matrices for user tests with KNN classifier using linear

acceleration and different coordinate systems.

Phone Coordinate System Earth Coordinate System
Run Stand Bike Sit Walk Run Stand Bike Sit Walk
Run 96.2% 0% 1.9% 0% 1.2% 95.7% 0% 4.3% 0% 0%
Stand 0% 96.2% 0% 3.8% 0% 0% 100% 0% 0% 0%
Bike 1.5% 0% 96.1% 0% 2.4% 0.5% 0% 98.6% 0% 0.9%
Sit 0% 8.2% 0% 91.8% 0% 0% 0% 0% 100.0% 0%
Walk 1.0% 0% 5.7% 0% 93.3% 0% 0% 4.8% 0% 95.2%

magnetic field sensors, we expected that if the movement of the smart phone could be

measured according to a single reference system, the orientation in the pocket would

lose its meaning. So we converted the linear acceleration readings from the phone

coordinate system to the earth coordinate system. Tables 5.8, 5.9 and 5.10 confirm our

assumption that results of the orientation dependency tests boosted up to 97%.

Table 5.11 summarizes the findings for the two classifiers for the 5.12 seconds

window sizes in terms of accuracy and F-measure.
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Table 5.11. Accuracy and F-Measure values for User and Orientation Tests.

Phone Coordinate System | Earth Coordinate System

Orientation User Orientation User
Classifier | KNN | DT | KNN DT | KNN | DT | KNN | DT
Accuracy | 91.8 | 90.6 | 94.0 94.4 95.2 | 95.7 | 98.6 96.7

F-measure | 929 | 87.1 94.9 94.5 94.9 | 93.8 | 98.0 96.5

5.3.3. Analysis of Position Dependency on Activity Recognition

In Section 5.3.2, we observed that removing the effect of gravity on the acceler-
ation readings of the fused sensor output and using the earth coordinate system as a
global reference point helped us to recognize activities independent from the orientation
of the phone. Next, we investigate whether it is possible to predict the activities inde-
pendently from the phone position/placement. In order to analyze this, we performed
another batch of experiments. In the final tests, we placed 4 same-model phones on
different positions, including, pocket of the trousers, jackets/coats, backpack and side-
bag. Then the same set of activities are performed by the participants. We collected
fused acceleration data as referencing both the coordinate systems of the phone and

the earth. In the activity classification phase, we used the extended feature set.

We trained and tested the collected data according to five possible methods as

follows:

e Case 1- Person specific, generalized classifier:
Test: The data collected on a single location from a single user (e.g. backpack of
subject 5)
Training: The data collected on other locations from the same user (e.g. trousers,
jacket and sidebag of subject 5) excluding the test position

e Case 2. Person and position specific classifier: Cross validation in between

same position from all users.
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Figure 5.1. Activity recognition accuracy of position dependency tests using phone

and earth coordinate systems for KNN.

e Case 3 — Generalized classifier (user independent)
Test: The data collected on a single location from a single user (e.g. jacket of
subject 4)
Training: The data collected on all locations from the other users (e.g. trousers,
jacket, sidebag and backpack of other subjects)

e Case 4 — Position specific classifier (user independent)
Test: The data collected on a single location from a single user (e.g. sidebag of
subject 7)
Training: The data collected on same location from the other users (e.g. sidebag
of other subjects)

e Case 5 — Joint classifier (user independent): Each activity and position
pair is associated with a class
Test: The data collected from a single user in all locations and activity-position
pairs are created
Training:The data collected from other participants are used to create same

classes.

Figures 5.1 and 5.2 show the results in terms of accuracy for 5 different cases,

both when phone coordinates are used and when earth coordinates are used. Both in
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Figure 5.2. Activity recognition accuracy of position dependency tests using phone

and earth coordinate systems for DT.

Figure 5.1 and Figure 5.2, when we compare the results of Case 1 and Case 2 (person
specific training), it is clear that using position specific classifiers exhibit better perfor-
mance compared to a generalized classifier. On the other hand, it is costly to collect
training data from all users for each position and person-independent classification is
often necessary in practical applications. Comparing the performance results in Cases
3 and 4 (person independent), they are very similar. Looking at the KNN results,
with using phone coordinates, on average 94.7% for pants, 77.1% for jacket, 93.9% for
backpack and 85% for side bag positions are achieved for Case 3 (generalized classifier).
Similarly, on average 98% for pants, 81.8% for jacket, 94.2% for backpack and 84.7%
for side bag positions are achieved for Case 4 (position-specific classifier). Results
are also very similar when earth coordinates are considered. The highest difference
between using a position-specific classifier and a generalized classifier is for the pants
position: 3.3% difference for phone coordinates and 4.5% for the earth coordinates. For
the jacket position, using position-specific model increases the accuracy by 4.5% again
using the phone coordinates and 2.7% when using earth coordinates. For the backpack
position the difference is 1% and 2.6% for phone an earth coordinates respectively.
For the sidebag position, when phone coordinates are used the generalized classifier
performed better by 1%, while the position-specific classifier performed 1% better with

earth coordinates. Also when position specific training data is supplied, position pants
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has the highest recognition accuracy compared to other positions. On average, with
KNN, considering all the 4 positions 2.7% increase in accuracy is achieved with using
a position-specific classification compared to using a generalized classifier with earth

coordinates.

If we look at the accuracy results of the DT classifier in Figure 5.2, similar trends
are observed for pants and backpack positions with the results of the KNN classi-
fier. However, for the jacket position using a generalized classifier performed better
by 1% using both the coordinate systems. In the side-bag position, using position-
specific classifier performed better by 2%, while the generalized classifier performed
4.5% better using the earth coordinate system On average, with DT, considering all
the 4 positions 0.95% increase in accuracy is achieved with using a position-specific

classification compared to using a generalized classifier with earth coordinates.

These findings are consistent with previous results found in the literature [16,17]
while it contradicts with the results of [18,19] where it was reported that position-
specific classification significantly improves the results. Although in some cases using a
position-specific classifier performs better, one should consider that in order to perform
position-specific classification in a practical application, one should first identify the
phone position and then use the model associated with that position for activity clas-
sification. Phone position identification is also a challenging problem as we investigate

in Section 5.3.3

Joint classification was reported to achieve higher accuracies compared to a gen-
eralized classifier and position-specific classifier in [20]. However, the activity set was
smaller and the transitions between the activities was targeted in that study with
different classifiers. Here, using a joint classifier did not contribute to increasing ac-
curacies. With the KNN classifier, 65% accuracy for pants, 56% for jacket, 80% for
backpack and 50% for the sidebag positions are achieved when phone coordinates are
used. Similarly, 65% accuracy for pants, 47% for jacket, 89% for backpack and 60% for
the sidebag positions are achieved when earth coordinates are used. These results are

much lower than the results achieved with a generalized classifier and a position-specific
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classifier. Similar trends are observed for the DT classifier as well.

Table 5.12. Confusion matrices of jacket position using phone and earth coordinates.

Jacket
Phone Coordinates Earth Coordinates

Run Stand Bike Sit Walk Run Stand Bike Sit Walk

Run 98.2% 0% 0% 0% 1.8% 98.8% 0% 0% 0% 1.2%

Stand 0% 68.5% 0% 31.5% 0% 0% 58.3% 0% 41.7% 0%

Bike 0% 0% 96.7% 0% 3.3% 0% 0% 100.0% 0% 0%

Sit 0% 54.5% 0% 45.5% 0% 0% 46.3% 0% 53.7% 0%
Walk 0% 0.0% 0% 0% 100.0% 0% 0% 0% 0% 100.0 %

Although the recognition accuracy for the pants positions is very high in both
Cases 3 and 4, it is relatively lower for the other three positions. In order to elaborate
on this issue, we also looked at the confusion matrices for Case 4 (position-specific
classification) for the jacket, backpack and sidebag positions. The confusion matrices
are presented in Tables 5.12, 5.13, 5.14. We do not present confusion matrix of the
pants position because of its high recognition accuracy. When we investigate the low
accuracy in these 3 positions, confusion matrices indicate that KNN classifier is good
at recognizing dynamic activities but it is far more worst for static activities. As
expected, sitting and standing activities are highly misclassified because of their static
movement characteristics. It is hard to infer whether a person is sitting or standing

when the phone is located in a bag or in a jacket pocket.

With the low results originated from static activities, we decided to merge sitting
and standing activities in the next round naming it as “stationary”. This time the
number of activities decreased from 5 to 4 and these are walking, running, biking and
stationary (sitting/standing). Figure 5.3 and Figure 5.4 show that with the merge of
sitting and standing activities, recognition accuracy increased to 98% in all positions for
Case 3 and Case 4. In this case again, for the pants position when a position-specific
classifier is used the accuracy is 2% higher than using a generalized KNN classifier.
However, this is not true for the other positions and even for the side-bag position, using
a generalized classifier is 0.8% better. In the DT case, using a generalized classifier

performed at most 1.5% better than a generalized classifier. Hence, if we take into
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Table 5.13. Confusion matrices of backpack position using phone and earth

coordinates.
Backpack
Phone Coordinates Earth Coordinates

Run Stand Bike Sit Walk Run Stand Bike Sit Walk

Run 100.0% 0% 0% 0% 0% 100.0% 0% 0% 0% 0%

Stand 0% 97.6% 0% 2.4% 0% 0% 85.9% 0% 14.1% 0%

Bike 0% 0% 100.0% 0% 0% 0% 0% 100.0% 0% 0%

Sit 0% 22.6% 0% 77.4% 0% 0% 17.5% 0% 82.5% 0%
Walk 0% 0% 0% 0% 100.0% 0% 0% 0% 0% 100.0%

Table 5.14. Confusion matrices of sidebag position using phone and earth coordinates.

Side Bag
Phone Coordinates Earth Coordinates

Run Stand Bike Sit Walk Run Stand Bike Sit Walk

Run 99.8% 0% 0% 0% 0.2% 99.6% 0% 0% 0% 0.4%

Stand 0% 80.3% 0% 19.7% 0% 0% 67.9% 0% 32.1% 0%
Bike 0% 0% 95.1% 0% 4.9% 0% 0% 89.9% 0% 10.1%

Sit 0% 46.7% 0% 53.3% 0% 0% 30.3% 0% 68.7% 0%
Walk 0% 0% 2.1% 0% 97.9% 0% 0% 3.1% 0% 96.7%

account all the results, it is difficult to say whether a position-specific classifier performs

better than a generalized classifier.

For Case 5, joint classifier, there is a moderate increase around 8% in recognition
accuracy using both coordinate systems with KNN and DT classifiers. However, still
the results with a joint classifier is much below the results with using a generalized
or position-specific classifier. So in the next step, for the joint classifier (Case 5), we
decided to change our evaluation methodology. Sitting while the phone in backpack or
sitting while the phone in side bag show very similar characteristics in terms of features
for the classifier. Since our primary objective is accurate classification of the activities,

we decided to re-evaluate the output of our classifiers. This time when an activity
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Figure 5.3. Activity recognition accuracy of position dependency tests using phone

and earth coordinate systems with KNN for 4 activities.
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Figure 5.4. Activity recognition accuracy of position dependency tests using phone

and earth coordinate systems with DT for 4 activities.

is classified accurately, it will be evaluated as true whether its position is classified
wrong. If walking activity is recognized accurately, it will be evaluated as true no
matter which position it is carried. This time we defined 5 activities set as Case 5.1
and 4 activities set as Case 5.2 where sitting and standing activities are merged as
standalone stationary class. Figure 5.5 shows the overall recognition accuracy achieved
with the new activity set. For Case 5.1, recognition rates increased above 80% for both
classifiers. With the merge of sitting and standing activity in Case 5.2, recognition

accuracy increased above 98% for KNN and 96% for DT classifiers.

Figures 5.6 and 5.7 show the results in terms of accuracy for subcases 5.1 and 5.2

on position basis. In Case 5.1 with the KNN classifier, 94% accuracy for pants, 80% for
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Figure 5.5. Activity recognition accuracy of joint classification (Case 5).

jacket, 91% for backpack and 83% for the sidebag positions are achieved when earth
coordinates are used. Similarly, 94% accuracy for pants and backpack, 77% for jacket,
86% for the sidebag positions are achieved when phone coordinates are used. DT
classifier performs slightly lower performance compared to KNN. When the number
activities decreased from 5 to 4, the recognition accuracy increased significantly for
both coordinates. With the KNN classifier, 97% accuracy for pants, 99% for jacket
and backpack and 98% for the sidebag positions are achieved when earth coordinates

are used. Similar results obtained with the phone coordinate system.

5.3.4. Analysis of Position Recognition

As discussed in Section 5.3.3, position-specific classification does not always im-
prove the accuracy compared to using a generalized classifier. Moreover, for position
specific classification, in a practical application, first the position of the phone should
be detected and then the specific classifier should be run. In this section, we investigate

the phone position recognition using the same set of extended features and the KNN

and DT classifiers.

While Figure 5.8 shows the average position recognition accuracy for both of the
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Figure 5.6. Activity recognition accuracy of joint classification with KNN (Case 5).
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Figure 5.7. Activity recognition accuracy of joint classification with DT (Case 5).

classifiers and both of the coordinate systems, Figure 5.9 shows the activity-specific
accuracies. Around 71.5% accuracy is achieved for position recognition with the KNN
classifier, and 69% accuracy is achieved with the DT classifier. When we investi-
gate the activity specific results we see that positions can be identified with a higher
accuracy (81.8%:KNN, 84.7%:DT) when the users are standing if the phone coordi-
nates are used. However, when the earth coordinates are used, with walking and

biking activities, phone positions are identified with a higher accuracy, 76.8%: biking-
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Figure 5.9. Position recognition accuracy on activity basis using KNN and DT

classifiers.

KNN, 77.3%:walking-KNN, 74.6%: biking-DT, 72.4%: walking-DT. In Figure 5.10,
we present the recognition accuracies for each position separately. Backpack position

is recognized with a higher accuracy compared to the other positions by both of the
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Figure 5.10. Average position recognition accuracy for each position.

classifiers whereas the accuracies vary for different positions by the two classifiers.

When we compare these results with the results achieved in the literature, in [18],
light, proximity, magnetometer, gyroscope, gravity, acceleration and linear acceleration
sensors were employed and 92.94% accuracy with best set of all features and 66%
accuracy with a selected set of features was achieved. However, in our study we only
utilize the sensors that are used in the activity recognition stage. In [21], the focus
was on in-pocket versus out-of pocket detection and using only the microphone, 80%
accuracy was reported to detect these two classes. The use of accelerometer for position
recognition was discussed in [17], where bag, ear, hand and pocket positions were
considered. The average accuracy was reported as 94%, however, the activity set

included only walking.

As mentioned, although position specific activity recognition, or knowing the po-
sitions, does not significantly improve the results compared to a generalized classifier
position recognition should be further investigated for other purposes such as the vol-
ume of an incoming call automatically can be increased and vibrations can be turned

on if phone is detected in the pocket.
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6. CONCLUSION

In this thesis, we focused on the challenges of practical activity recognition on
smart phones. We specifically concentrated on the challenges arising from the dif-
ferences in user behavior and device, model differences as well as the burden of the
training phase when using statistical machine learning algorithms in the classification
of activities. Using the accelerometer, the magnetic field sensor and the gyroscope on
the phones, we explored the recognition of simple locomotion activities on a device,
user, orientation and position-independent way. With the data collection experiments,
performed with 20 users, we showed that although the accuracies are quite high in user
and device dependency tests, the difference in the orientation of the phone decreases
the accuracy. To improve this, we proposed to use the linear acceleration, excluding the
effect of gravitational force using the earth coordinates with the help of the gyroscope
and the magnetic sensor. Additionally, we used signal transformation and converted
the sensor readings from phone coordinates to earth coordinates. With these methods,
we showed that the accuracy results increased remarkably. As the last step, we ana-
lyzed the position-dependency to see whether position-specific recognition can perform
better than a generalized classifier. Besides position-independent and position-specific
methods, we also investigated the performance with joint classification where activities
and positions are associated with a specific class. As a result of these experiments, we
showed that position-specific recognition is not necessary, a generalized classifier also
performs similarly. However, we observed that separating the stationary activities,
such as sitting and standing, is very difficult in some positions, other than the pants
pocket. Accordingly, we analyzed the performance when these activities are combined
into a single class and showed the recognition accuracies significantly increase for these
phone positions. Although it is not the main topic of this study, we also analyzed
the phone position detection performance using a similar methodology to the activity
recognition, and showed that around 70% accuracy can be achieved, and this should

be further explored.
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As a future work, we will investigate the use of our findings on a practical activity
recognition application running on a phone all day long where users are not given a
predefined scenario as in our tests. We will investigate the performance using different
metrics, especially in such a practical setting, correctly estimating the duration of the
activities would be very important. Additionally, we will be investigating the battery

consumption performance of such a continuous sensing application.
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APPENDIX A: FEATURE SELECTION DETAILS

In the each step of experiments, feature selection phase was performed again in
order to select the fittest feature set. In this chapter, the selection rates of features
which are used in the classification phase are presented. In order to add a feature
to corresponding feature set, it must appear in at least 20% of the selected features
set. In the raw acceleration experiments, feature selection algorithm is executed for
orientation, device and user dependency tests separately and the average of selection
rates were calculated. If a feature is selected 20% or more in average, it is added
to feature set. These steps were also performed for linear acceleration and position
dependency tests as well. Selected features are highlighted with bold characters in the

average columns.
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Table A.1. Selection rates of features with 2.56 second windows and KNN classifier

for raw acceleration experiments.

Orientation | Same Different User Average
Model Model
Lm, 0.0% 15.0% 15.0% 17.5% 11.9%
o2, 20.0% 12.5% 15.0% 12.5% 15.0%
S om | s25% 60.0% 37.5% 12.5% 43.1%
2
L;E Pz 0.0% 10.0% 12.5% 27.5% 12.5 %
= a2 5.0% 7.5% 5.0% 17.5% 8.8%
.U% o 20.0% 5.0% 5.0% 7.5% 9.4%
y 2.5% 7.5% 20.0% 22.5% 13.1%
o2 7.5% 5.0% 7.5% 15.0% 8.8%
% oy 30.0% 7.5% 17.5% 5.0% 15.0%
§ fa 100.0% 20.0% 22.5% 47.5% 47.5%
2 o2 17.5% 17.5% 12.5% 15.0% 15.6%
% os 55.0% 12.5% 17.5% 25.0% 27.5%
5 zerm, 62.5% 37.5% 30.0% 55.0% 46.3%
Imazeore | 40.0% 22.5% 35.0% 42.5% 35.0%
T, 77.5% 50.0% 45.0% 65.0% 59.4%
Fe, 0.0% 50.0% 40.0% 50.0% 35.0%
Fe, 27.5% 47.5% 65.0% 25.0% 41.3%
Feg 22.5% 65.0% 72.5% 35.0% 48.8%
F, 12.5% 50.0% 37.5% 42.5% 35.6%
F., 5.0% 32.5% 27.5% 35.0% 25.0%
Feq 27.5% 45.0% 45.0% 45.0% 40.6%
F., 22.5% 20.0% 32.5% 12.0% 21.8%
Feq 47.5% 42.5% 30.0% 35.0% 38.8%
Feg 37.5% 37.5% 37.5% 42.5% 38.8%
Feyo 47.5% 30.0% 22.5% 40.0% 35.0%
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Table A.2. Selection rates of features with 2.56 second windows and DT classifier for

raw acceleration experiments.

Orientation | Same Different User Average
Model Model
tm 0.0% 8.0% 7.0% 12.0% 6.8%
a2, 5.0% 17.5% 12.5% 0.0% 8.8%
% Om 42.5% 67.5% 42.5% 35.0% 46.9%
z
L;.‘E e 0.0% 12.5% 20.0% 30.0% 15.6%
< o2 15.0% 10.0% 20.0% 30.0% 18.8%
.53 Oa 5.0% 2.5% 2.5% 0.0% 2.5%
Hy 5.0% 2.5% 15.0% 30.0% 13.1%
o2 12.5% 17.5% 22.5% 17.5% 17.5%
% oy 5.0% 0.0% 2.5% 0.0% 1.9%
3 e 87.5% 15.0% 22.5% 47.5% 43.1%
—E o? 15.0% 10.0% 17.5% 12.5% 13.8%
i s 47.0% 0.0% 40.0% 36.0% 30.8%
g
s 2Crm 52.5% 50.0% 32.5% 55.0% 47.5%
Imazeyr. | 37.5% 22.5% 25.0% 35.0% 30.0%
T 85.0% 52.5% 62.5% 85.0% 71.3%
F., 2.5% 57.5% 47.5% 60.0% 41.9%
Fe, 32.5% 25.0% 30.0% 37.5% 31.3%
Feq 30.0% 50.0% 47.5% 50.0% 44.4%
Fe, 30.0% 27.5% 17.5% 50.0% 31.3%
Fey 15.0% 12.5% 30.0% 42.5% 25.0%
Freq 17.5% 32.5% 27.5% 32.5% 27.5%
F., 25.0% 10.0% 17.5% 32.5% 21.3%
Feq 32.5% 20.0% 17.5% 47.5% 29.4%
Freq 32.5% 10.0% 22.5% 32.5% 24.4%
Feyo 35.0% 12.5% 10.0% 30.0% 21.9%
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Table A.3. Selection rates of features with 2.56 second windows and KNN classifier

for linear acceleration experiments.

Phone Coordinates

Earth Coordinates

Orientation User Orientation User Average

tm 70.0% 30.0% 85.0% 80.0% 66.3%

02, 15.0% 15.0% 0.0% 10.0% 10.0%
% om 17.5% 50.0% 20.0% 25.0% 28.1%
£ e 20.0% 55.0% 35.0% 20.0% 32.5%

= o2 7.5% 25.0% 10.0% 15.0% 14.4%

%ei o 20.0% 25.0% 5.0% 10.0% 15.0%
2 Ly 17.5% 52.5% 20.0% 25.0% 28.8%

on 5.0% 25.0% 10.0% 5.0% 11.3%

2 oy 15.0% 27.5% 5.0% 0.0% 11.9%
3 - 40.0% 27.5% 30.0% 25.0% 30.6%

é a? 27.5% 17.5% 0.0% 10.0% 13.8%
g Oa 17.5% 17.5% 45.0% 40.0% 30.0%
&:9 ZCrm 20.0% 30.0% 25.0% 20.0% 23.8%
- Imazeyr. | 10.0% 22.5% 30.0% 25.0% 21.9%
T 77.5% 75.0% 45.0% 80.0% 69.4%
F., 75.0% 87.5% 80.0% 90.0% 83.1%
Fe, 15.0% 30.0% 65.0% 25.0% 33.8%

Feq 7.5% 17.5% 15.0% 5.0% 11.3%

Fe, 15.0% 15.0% 10.0% 15.0% 13.8%

Fey 7.5% 22.5% 35.0% 5.0% 17.5%

Feq 7.5% 10.0% 30.0% 10.0% 14.4%

F., 5.0% 15.0% 15.0% 5.0% 10.0%

Feq 10.0% 15.0% 0.0% 0.0% 6.3%
Freq 7.5% 15.0% 5.0% 5.0% 8.1%
Feyo 15.0% 12.5% 25.0% 20.0% 18.1%
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Table A.4. Selection rates of features with 2.56 second windows and DT classifier for

linear acceleration experiments.

Phone Coordinates

Earth Coordinates

Orientation User Orientation User Average
m 70.0% 67.5% 75.0% 75.0% 71.9%
a2, 5.0% 2.5% 15.0% 0.0% 5.6%
3 om 25.0% 32.5% 25.0% 15.0% 24.4%
£ e 5.0% 55.0% 0.0% 10.0% 17.5%
= o2 10.0% 57.5% 15.0% 75.0% 39.4%
%Ei ox 0.0% 0.0% 0.0% 0.0% 0.0%
2 y 7.5% 45.0% 15.0% 5.0% 18.1%
o2 12.5% 45.0% 20.0% 20.0% 24.4%
2 oy 2.5% 0.0% 5.0% 0.0% 1.9%
3 s 32.5% 42.5% 30.0% 40.0% 36.3%
é a? 7.5% 2.5% 15.0% 10.0% 8.8%
g Oa 27.5% 32.5% 15.0% 30.0% 26.3%
&:’ zerm 20.0% 42.5% 25.0% 30.0% 29.4%
- Imazegrr | 30.0% 27.5% 10.0% 15.0% 20.6%
Trm, 77.5% 90.0% 90.0% 95.0% 88.1%
Fe, 75.0% 87.5% 75.0% 90.0% 81.9%
F., 15.0% 27.5% 15.0% 30.0% 21.9%
F, 7.5% 17.5% 5.0% 5.0% 8.8%
F., 15.0% 25.0% 5.0% 0.0% 11.3%
Feg 7.5% 25.0% 0.0% 5.0% 9.4%
Feq 7.5% 20.0% 20.0% 0.0% 11.9%
F., 5.0% 7.5% 5.0% 5.0% 5.6%
Feq 10.0% 15.0% 0.0% 5.0% 7.5%
Feq 7.5% 25.0% 5.0% 0.0% 9.4%
Feyo 15.0% 15.0% 15.0% 5.0% 12.5%




67

Table A.5. Selection rates of features with 2.56 second windows and KNNN classifier

for position independent activity recognition experiments.

Phone Coordinates

Earth Coordinates

Pants Jacket | B.pack | S.bag Pants Jacket B.pack S.bag Average
Km 80.0% 40.0% 70.0% | 50.0% 80.0% 40.0% 30.0% 30.0% 52.5%
a2, 20.0% 0.0% 10.0% | 30.0% 20.0% 10.0% 20.0% 30.0% 17.5%
a Om 50.0% 10.0% 20.0% | 50.0% 50.0% 30.0% 30.0% 60.0% 37.5%
% K 30.0% 70.0% 80.0% | 40.0% 20.0% 50.0% 30.0% 40.0% 45.0%
& o2 0.0% 10.0% 20.0% 0.0% 10.0% 20.0% 20.0% 20.0% 12.5%
é}* Oz 0.0% 60.0% 30.0% | 30.0% 10.0% 40.0% 30.0% 40.0% 30.0%
n Iy 10.0% 40.0% 10.0% | 30.0% 10.0% 30.0% 20.0% 20.0% 21.3%
O'g 0.0% 10.0% 0.0% 30.0% 0.0% 0.0% 0.0% 10.0% 6.3%
% oy 20.0% 40.0% 0.0% 40.0% 30.0% 40.0% 10.0% 30.0% 26.3%
E Wz 30.0% 30.0% 20.0% | 10.0% 20.0% 40.0% 40.0% 20.0% 26.3%
L:-‘g o? 0.0% 10.0% 0.0% 10.0% 0.0% 10.0% 0.0% 30.0% 7.5%
E o2 20.0% 20.0% 10.0% | 50.0% 20.0% 10.0% 50.0% 60.0% 30.0%
é ZCTrm 30.0% 30.0% 20.0% | 10.0% 20.0% 50.0% 90.0% 90.0% 42.5%
= Imazcorr 10.0% 10.0% 0.0% 10.0% 30.0% 70.0% 80.0% 90.0% 37.5%
Tm 10.0% 20.0% 10.0% | 50.0% | 40.0% 80.0% 80.0% 90.0% 47.5%
Fe, 100.0% | 50.0% 90.0% | 40.0% | 100.0% | 100.0% | 100.0% | 100.0% 85.0%
Fe, 50.0% 30.0% 90.0% | 70.0% | 40.0% 40.0% 70.0% 70.0% 57.5%
Fey 40.0% 60.0% 60.0% | 30.0% 30.0% 40.0% 60.0% 70.0% 48.8%
Fe, 30.0% 40.0% 30.0% | 60.0% 20.0% 20.0% 60.0% 70.0% 41.3%
Feg 30.0% 50.0% 30.0% | 60.0% 30.0% 50.0% 60.0% 70.0% 47.5%
Feg 40.0% 50.0% 30.0% | 40.0% 30.0% 30.0% 50.0% 60.0% 41.3%
Fe, 20.0% 20.0% 20.0% | 30.0% 10.0% 30.0% 30.0% 30.0% 23.8%
Feg 30.0% 30.0% 40.0% | 60.0% 20.0% 20.0% 50.0% 60.0% 38.8%
Feq 10.0% 30.0% 20.0% | 40.0% 0.0% 30.0% 50.0% 50.0% 28.8%
Feio 0.0% 50.0% 40.0% | 30.0% 0.0% 10.0% 50.0% 60.0% 30.0%
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Table A.6. Selection rates of features with 2.56 second windows and DT classifier for

position independent activity recognition experiments.

Phone Coordinates Earth Coordinates
Pants Jacket B.pack S.bag Pants Jacket B.pack S.bag Average
fm 60.0% 50.0% 100.0% | 100.0% 70.0% 70.0% 100.0% | 100.0% | 81,25%
o2, 10.0% 0.0% 0.0% 20.0% 0.0% 60.0% 20.0% 20.0% 16,25%
8 Om 30.0% 20.0% 40.0% 80.0% 10.0% 0.0% 50.0% 50.0% | 35,00%
g M 30.0% 70.0% 100.0% | 100.0% 20.0% 50.0% 70.0% 70.0% | 63,75%
= o2 0.0% 0.0% 10.0% 30.0% 0.0% 70.0% 30.0% 0.0% 17,50%
Té Oz 20.0% 20.0% 40.0% 60.0% 30.0% 0.0% 60.0% 100.0% | 41,25%
n Ly 10.0% 70.0% 80.0% 90.0% 20.0% 50.0% 50.0% 60.0% 53,75%
05 0.0% 0.0% 10.0% 20.0% 0.0% 30.0% 30.0% 30.0% 15,00%
2 oy 20.0% 10.0% 30.0% 50.0% 20.0% 0.0% 40.0% 50.0% 27,50%
E [z 50.0% 50.0% 90.0% 90.0% 40.0% 70.0% 90.0% 90.0% 71,25%
L’-§ o? 0.0% 0.0% 20.0% 30.0% 0.0% 20.0% 30.0% 0.0% 12,50%
E oz 30.0% 20.0% 30.0% 50.0% 10.0% 0.0% 50.0% 100.0% | 36,25%
iﬁ ZCrm 40.0% 50.0% 80.0% 100.0% 20.0% 50.0% 90.0% 100.0% | 66,25%
- Imazeorr | 70.0% | 100.0% | 100.0% | 100.0% 50.0% 100.0% | 100.0% | 100.0% | 90,00%
Tm 90.0% | 90.0% 100.0% | 100.0% | 100.0% | 100.0% | 100.0% | 100.0% | 97,50%
Fe, 90.0% | 90.0% 100.0% | 100.0% | 100.0% | 100.0% | 100.0% | 100.0% | 97,50%
F., 0.0% 20.0% 30.0% 40.0% 0.0% 10.0% 70.0% 70.0% | 30,00%
Fe, 0.0% 20.0% 40.0% 40.0% 0.0% 30.0% 50.0% 60.0% | 30,00%
Fe, 10.0% | 30.0% 30.0% 60.0% 0.0% 20.0% 30.0% 70.0% | 31,25%
Fey 10.0% 20.0% 30.0% 30.0% 0.0% 10.0% 40.0% 60.0% 25,00%
Feg 0.0% 30.0% 50.0% 50.0% 0.0% 20.0% 20.0% 50.0% 27,50%
Fe, 0.0% 10.0% 30.0% 50.0% 0.0% 0.0% 10.0% 20.0% 15,00%
Feq 0.0% 30.0% 40.0% 50.0% 0.0% 20.0% 20.0% 40.0% 25,00%
Feq 0.0% 30.0% 40.0% 50.0% 0.0% 20.0% 30.0% 30.0% 25,00%
Feqg 0.0% 40.0% 70.0% 70.0% 0.0% 10.0% 20.0% 40.0% | 31,25%
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Table A.7. Selection rates of features with 2.56 second windows using KNN and DT

classifiers for position recognition experiments.

Phone Coordinates

Earth Coordinates

KNN DT KNN DT Average KNN | Average DT
fim 50.0% | 20.0% | 50.0% | 40.0% | 50.0% 30.0%
o2, 20.0% | 0.0% 20.0% | 10.0% | 20.0% 5.0%
z Om 60.0% | 50.0% | 60.0% | 40.0% | 60.0% 45.0%
z e 500% | 40.0% | 40.0% | 55.0% | 45.0% 47.5%
& o2 10.0% | 200% | 0.0% 20.0% | 5.0% 20.0%
Léh Oa 20.0% | 20.0% | 20.0% | 30.0% | 20.0% 25.0%
2 iy 70.0% | 70.0% | 70.0% | 65.0% | 70.0% 67.5%
o2 0.0% 30.0% | 20.0% | 20.0% | 10.0% 25.0%
g oy 60.0% | 40.0% | 40.0% | 30.0% | 50.0% 35.0%
3 1 40.0% | 40.0% | 50.0% | 50.0% | 45.0% 45.0%
S o2 0.0% 10.0% | 0.0% 15.0% | 0.0% 12.5%
E O 60.0% | 40.0% | 40.0% | 45.0% | 50.0% 42.5%
é zerm | 90.0% | 60.0% | 90.0% | 75.0% | 90.0% 67.5%
= Imazeo,r | 100.0% | 80.0% | 100.0% | 75.0% | 100.0% 77.5%
Tom 60.0% | 70.0% | 80.0% | 65.0% | 70.0% 67.5%
Fe, 0.0% 60.0% | 0.0% 55.0% | 0.0% 57.5%
Fe, 20.0% | 20.0% | 200% | 25.0% | 20.0% 22.5%
Fu, 20.0% | 30.0% | 40.0% | 30.0% | 30.0% 30.0%
Fe, 0.0% 20.0% | 20.0% | 25.0% | 10.0% 22.5%
Fes 20.0% | 60.0% | 50.0% | 45.0% | 35.0% 52.5%
Feg 10.0% | 10.0% | 30.0% | 15.0% | 20.0% 12.5%
Fe, 20.0% | 60.0% | 200% | 55.0% | 20.0% 57.5%
Feg 30.0% | 60.0% | 30.0% | 50.0% | 30.0% 55.0%
Fey 20.0% | 20.0% | 0.0% 15.0% | 10.0% 17.5%
Feyo 20.0% | 30.0% | 20.0% | 40.0% | 20.0% 35.0%
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